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“Nothing is ours, except time.”
-Seneca

If time is ours, where do we keep it?
Do we keep time forever or can we lose it?
Does time we’ve experienced, influence how we perceive it?
If our memory fades does time fade too?
Or in scientific terms:
How do prior experiences shape the perception of time?
How do memory deficiencies affect interval timing?
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Chapter 1

Context of Time

It’s not just the answer to the question Do you love me? that determines
the fate of two people. When the answer takes too long, even a positive response can induce negative emotions. Clearly, the length of the pause between
question and answer is internally tracked, and its duration will nuance or even
alter the literal meaning of the response. Just as timing plays a vital role in conversations and conveys more information than just “the passage of time”, it does
so in almost all areas of life. Whether it's the start of a race - when a sprinter
times the intervals between “ready” and “steady” to most optimally predict the
“go” - and that makes the difference between a silver or gold medal; the vital
decision when to switch attention in multitasking while driving in heavy traffic,
or checking your WhatsApp messages while not letting the pot of spaghetti boil
over. Timing is an essential feature of everyday life, from simple to complex
behavior, and is omnipresent. However unlike the steady rhythm of the second
hand of the clock that will jump again exactly one second later, our internal
sense of time is not at all constant and is prone to various biases that include
one’s internal emotional state (“that answer felt like it took forever”), external
pressure (disqualification of a game when moving before “the go”), or context
and prior experience (the “typing…” message in a WhatsApp group with one’s
Context of Time
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parents just takes an eternity after just having chatted with friends). The work
presented in this thesis focuses on the latter example, on how previous experience influences perception and will highlight that, indeed, context matters.
In this introduction, I will sketch the formal architecture that is shared
among the majority of interval timing theories, and how this architecture has
inspired the empirical and computational work presented in this thesis. Humans
are capable of accurately timing events in the milliseconds to minutes ranges in
an automatic and seemingly effortless manner. Nevertheless, accuracy in interval timing depends on many factors, ranging from factors that only change over
time-frames of years, months, or days such as aging, diseases, or use of drugs
(Malapani et al., 1998, Xu & Church, 2017, Paraskevoudi et al., 2018), to moment-to-moment fluctuations in someone’s state such as one’s level of arousal
(Lake et al., 2016), but is also affected by trial-specific aspects such as the context
and modality in which the to-be-timed interval is presented (Shi et al., 2013).
These latter biases are practically impossible to circumvent in the lab, as they
are inherent to the structure of the task that is used in timing studies. When
these biases are not the focus of study, their impact on the experimental results
is reduced by, for example, randomization or keeping the modality of the stimuli constant over the experiment. However, a large body of literature explicitly
focuses on these biases, and even though many phenomena have been uncovered, most of these phenomena are assumed to be driven by one of two different
underlying mechanisms (for a review, see Matthews & Meck, 2016, Section 2).
Clock-speed modulations describe deviations from objective time by assuming that
different conditions of an experimental design influence the speed of the internal clock, speeding up or slowing down the internal passage of time, whereas
memory modulations describe deviations from objective time by assuming that
traces of earlier experienced intervals influence the perception of the current
duration.
These modulations and biases have been explained in the context of a
large variety of theoretical frameworks. Although based on different conceptualizations, they all share three main components: a system that generates information that predictably changes over time in a similar fashion as a clock would
do, a memory system that stores old observations associated with the clock-like
system and links them to external events, and a decision system that compares
the values of the clock-like system to values stored in memory to allow for
decisions that are based on previously experienced durations. Irrespective of the
exact neural or functional implementation of such a clock-like system, these
components will allow any organism to time its actions or behavior.
The most prototypical of these types of models is the general class of pacemaker-accumulator models that provide an abstract framework that accounts
4
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for a multitude of timing phenomena. Again, it assumes that interval timing is
driven by the triad of components: the internal clock, a memory, and a decision
component. (Gibbon et al., 1984; Treisman, 1963). The clock component consists
of a pacemaker that continuously emits pulses, much like the second hand of
our mechanical clocks. Whenever the clock gets the signal that it should start
to time, these pulses are aggregated in the accumulator until a stop signal is
given. The total number of collected pulses, which provides an internal estimate
of the duration of the interval, is then passed on to the memory component.
Even though the memory component plays an important role, it is highly underspecified in the most prominent pacemaker-accumulator models. It is typically
assumed that the memory system is flawless, in that it accurately stores and retrieves any earlier experience, and as such does not account for any interference
or decay phenomena (c.f., Church, 2003, in which memory retrieval is operationalized as randomly retrieving an element from a perfect store, or Jones &
Wearden, 2003, in which memory is assumed to consist of a single slot in which
one previous experience can be flawlessly stored). When a current interval is
estimated by the clock system, the resulting accumulator value can be compared
to earlier experiences that were stored in the memory system, a process carried
out by a simple decision-rule that makes up the decision component. This approach, with relatively straightforward implementations for each of the modules, is reflected in the computational instantiation (Church, 2003; see also, Van
Rijn et al., 2014) of the most seminal pacemaker-accumulator model, the Scalar
Expectancy Theory (SET) model (Church et al., 1994; Gibbon et al., 1984). In
this framework, all components are implemented in “splendid isolation”, there
is no external world that can influence the clock, nor can any previous experiences influence the current perception of time. Yet, the general framework of
pacemaker-accumulator models has been widely used to explain modulations
of timing, three of which I will discuss in more detail below.
Firstly, many empirical studies have demonstrated that when attention is
distracted away from the timing process, for example by asking participants to
perform a secondary task during the “waiting period” of the reproduction of an
earlier perceived interval, the reproduced duration lengthens. In order to explain this phenomenon within the pacemaker-accumulator framework, it was
proposed that the transmission of pulses from the pacemaker to the accumulator
is mediated by an “attentional gate”, assuming that if attention is distracted from
timing, fewer of the emitted pulses reach the accumulator (Zakay, 2000). Interestingly, even though this theory is often described in relatively formal terms,
there has been no computational implementation that can predict how attention will affect timing in new, not yet observed situations, and alternative explanations to this theory have been proposed that do not require the
Context of Time
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introduction of an additional gate (Taatgen et al., 2007). Instead, Taatgen and
colleagues’ integrative-timing model assumes that the context in which timing
takes place should be taken into account, and that a number of phenomena
associated with the attentional gate can also be explained by assuming that under
high attentional-load, timers sometimes simply “forget” to check their internal
clock. In other words, it’s not that fewer pulses arrive at the accumulator, it’s
that the accumulator is not read out often enough. By implementing this notion
in a cognitive architecture, and thus allow for the integration of timing with
other cognitive processes, this model can predict when people will have sufficient slack time to check their internal clock. As this approach removes the
challenging requirement to formalize attention (e.g., Pashler, 1999), it can provide quantitative predictions about the subjective modulations of time when
timing is performed concurrently to another task. Importantly, this integrativetiming model still assumes a clock mechanism, with a pacemaker of which
pulses are stored in an accumulator, that is highly similar to the pacemakeraccumulator models.
Secondly, another well-known modulation of subjective time is associated with arousal, assuming that arousal influences the speed at which pulses are
emitted by the pacemaker. When an interval is perceived in a low-arousal context, the pacemaker is assumed to emit pulses at a relatively low pace. When
during reproduction the arousal level is increased, the pulses are emitted faster.
Thus, the accumulator will reach the same state as at the end of perception
earlier in objective time, ending the reproduction before it was due in objective
time. The inverse pattern of results is observed when the arousal manipulation
is presented just before the presentation of the interval that needs to be reproduced. This arousal-based modulation has been observed in a wide range of
arousal modulating conditions, ranging from very artificial, lab-based manipulations to manipulations that might be more reflective of real-world changes in
arousal. Examples of the former category are presentations of short bursts of
sounds at rapid rate (“click trains”, e.g., Penton-Voak et al., 1996; Wearden et
al., 1999; Wearden et al,. 2009; Wearden et al., 2017) or other psychophysiological stimuli such as bursts of white noise, visual flicker, or visual expansion
of circles (Wearden et al., 2017). Examples of the latter, more real-life manipulations include the presentation of emotional sounds just before (e.g., Lake et
al., 2017) or during (Halbertsma & Van Rijn, 2016) the intervals to arousalinducing still-images (e.g., Lui et al., 2011) or short video-clips (e.g., DroitVolet et al., 2011) just before the intervals. However, all these manipulations
assume to modulate arousal as a step-function: Participants are assumed to transition from a low-arousal state to a high arousal level by the presentation of
short clips or a brief presentation of an emotion-inducing photo. This type of
6
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presentation challenges the external validity of this manipulation, as in real life
arousal typically slowly increases and decreases over time. To test whether the
explanation of these arousal-based modulations hold in more realistic settings,
it is pertinent to continuously measure or modulate arousal while participants
perform a timing task, a requirement not easily met in the well-controlled, clinical nature of most laboratory settings. A potential way out of this impasse is to
modulate arousal by means of longer movie clips or feature-length movies (or
other paradigms that evoke gradual changes, e.g., by means of increasing core
body temperature, Van Maanen et al., 2019), and to present a timing task as
secondary task, either implicitly (cf., Brannon et al., 2008) or explicitly (cf.,
Christodoulou et al., 2019). In the latter study, we demonstrated the feasibility
of this approach, however, we also discuss that proper emotional manipulation
of arousal requires careful selection of stimuli and modifications to the default
experimental paradigms.
Thirdly, it is well-known that the process of converting external stimuli
into internal percepts is highly subjective as it is colored by earlier experiences.
For example, when having earlier perceived a stimulus of a certain brightness,
later stimuli will be perceived in relation to the earlier stimulus (e.g., Anderson
et al., 2014). The influence of earlier perceived stimuli on current perception
signals the pivotal role of a memory system in perception. Yet, the role of
memory is often only cursory discussed in psychophysiological theories. This
lack of focus on how earlier experiences are stored is even more notable as
Vierordt’s Law, one of the main “timing laws” (Lejeune & Wearden, 2009;
Vierodt, 1868), hinges on memory. When a participant is asked to reproduce a
just presented duration, and this duration is sampled out of a distribution of
which the participant has already seen numerous samples, the reproduced duration will regress towards the mean of the distribution: relatively long durations
will be underestimated, and short durations will be overestimated. This phenomenon is easily explained by assuming that earlier experiences interfere with
the current percept, resulting in a blended representation of the current duration (Lejeune & Wearden, 2009; Bausenhart et al., 2014; Gu & Meck, 2011;
Maaß et al., 2019b). In the last decades, a number of computational models
have been proposed to account for this effect. One type of models build upon
the existing SET framework in that a triad of processes is assumed, but with a
more refined memory system. An example of this type of model is the integrative-timing model as proposed by Taatgen, Van Rijn and Anderson (2007, see
also, Van Rijn & Taatgen 2008, and Taatgen & Van Rijn, 2011). This model
assumes that previous experiences of duration are stored in a general declarative
memory store, and are subject to the same kind of interference and decay processes as other psychophysiological quantities. Due to the individual traces being
Context of Time
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stored, this model can both account for Vierordt-like effects at an aggregated
level (i.e., when all trials are averaged), but also explain how an immediately
preceding trial exerts a stronger influence on the current percept than a trial
that was perceived longer ago. Other models, such as the Internal Reference
Model (Dyjas et al., 2012), focus even more strongly on just the memory component, and demonstrates that a Kalman-like filter is sufficient to explain typical
Vierordt effects (Bausenhart et al., 2014). A different approach, which has
gained a lot of traction in recent years, are models based on Bayesian observer
principles (Jazayeri & Shadlen, 2010; Shi et al., 2013, and see Massami & Landy,
2010 for a discussion of Jazayeri & Shadlen’s approach).
Bayesian observer models assume that the perception of a stimulus is the
integration of a noisy sensory estimate and the observer’s prior experience with
similar percepts (see Shi et al., 2013, for a review in the timing domain). This
integration is a function of the noisiness of the sensory estimate, with the outcome of the integration pulled more towards the prior experiences when the
estimate was noisy, than when the estimate was more precise. But also vice
versa, the stronger our assumptions to what we are to perceive, the more likely
we are to shape any incoming stimulus towards the expected percept. As such,
Bayesian observer models explain human perception by assuming that we have
implicit knowledge or experience with the accuracy of our own senses and use
information stored in memory to shape perception. Even though this process
modifies the incoming information, it optimizes behavior because the prior information dampens the consequences of noise during the perception of a single
event (Faisal et al., 2008), a mechanism even more relevant in noisy, real-world
settings (Van Rijn, 2018). The natural consequence of this integration process
is that the current perceived duration is biased by previously perceived durations, and thus any reproduced interval will demonstrate regression towards the
mean, yielding the Vierordt effect (Shi, et al, 2013).
The Bayesian revolution in the timing field was initiated by Jazayeri and
Shadlen’s (2010) influential paper in which they describe how these Bayesian
principles can be used to construct an elegant mathematical framework in which
an observer is assumed to reproduce a duration. Their model integrates the
perceived duration, represented as a distribution that can vary in noisiness (the
likelihood distribution), with a probability distribution (the prior) that represents the earlier observed durations. The multiplication of prior and likelihood
results in the posterior distribution of the internal representation of the perceived duration. The mean of this distribution (the Bayesian Least Square mapping rule in Jazayeri & Shadlen, 2010) is then taken as the internal estimate on
which the reproduced duration is based. The observed reproduced duration is
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a function of this estimation and a noise component reflecting various reproduction-noise sources.
Therefore, Bayesian observer models do not process the duration of the
stimulus in isolation, but instead assume that the context in which a duration is
presented matters. This mechanism will cause the same interval to be underestimated when presented alongside shorter intervals (e.g., when presented in a
temporal context of shorter intervals), while it will be overestimated when presented together with longer durations. When one duration is present in both of
these two contexts, and is underestimated in the one and overestimated in the
other, the context effect emerges. However, for such context effects to occur,
the observer needs to have constructed two distinct contexts. In Chapter 2, I
explore under what conditions distinct priors are constructed by evaluating the
influence of bottom-up (i.e., statistical properties of the stimulus material) and
top-down information (i.e., abstract knowledge about the experimental conditions) on the buildup of temporal priors.
Interestingly, even though the Bayesian observer model is often seen as a
timing model, it does not directly specify how the actual timing process takes
place, as it just assumes that the output of an otherwise unspecified internal clock
can be conceptualized as a likelihood distribution with a single parameter reflecting the width of this distribution: A noisy, imperfect clock, will yield a wide
likelihood, and a precise timing mechanism a narrow likelihood. Influences on
subjective time, as for example caused by manipulations of arousal or attention,
would in this framework result in either a shifted distribution (e.g., when the
clock is sped up, or when the attentional sharing results in a slower accumulation of temporal evidence), or a change in the width of the distribution (e.g.,
when the clock becomes more erratic), or a combination of both. Even though
such manipulations have not been explored in this framework, the hypothesized
interplay between clock and memory systems provide some interesting and testable hypotheses. For example, Bayesian observer models would assume that
when a manipulation increases clock noisiness, the prior information will exert
a larger influence, thus resulting in stronger central tendency effects.
The key mechanism in Bayesian observer models is the integration of the
percept, in our example the output of the clock, with the prior which represents
the memory component. In Jazayeri and Shadlen’s (2010) model, this integration
drives the difference between veridical and subjective timing, even though the
prior was assumed to be identical for all participants. However, memory functioning is unlikely to be constant over individuals (e.g., Just & Carpenter, 1992),
and thus a more refined model should take into account fluctuations of the
prior. In the asymptotic case of a complete lack of memory functioning, no
prior would be constructed, and thus each reproduction is predominantly
Context of Time
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driven by the likelihood function. But also in less asymptotic cases, memory
functioning is likely to influence how heavily the prior is weighted in comparison to the likelihood during integration, with poorer memory functioning presumably resulting in a smaller influence of the prior. As a consequence, memory
functioning is likely to be an as important component of deviations from veridical timing as the clock itself.
Even though the above discussed Bayesian observer models and other
models that emphasize the role of memory in timing processes clearly indicate
the need for studying what role deviations in memory functioning play in interval timing, most studies on subjective modulations of timing have focused
on the clock component. An example of such work, that is presented in the
context of Bayesian observer models, is on the influence of musical expertise
on timing: Cicchini et al. (2012) demonstrated that expert percussionists have
a higher temporal precision (i.e., a narrow likelihood, which is conceptualized
as the result of a more precise clock) than non-percussionists or non-musicians.
This difference in clock accuracy is hypothesized to be the mechanism explaining the reduced central tendency effects in expert percussionists compared to
the other groups. Given these populations, it is not surprising that modulations
in clock accuracy are hypothesized to be the main drivers of the observed empirical differences. But also in other populations has the clock been proposed as
the driving force of deviations of veridical timing. For example, pathological
distortions of time perception driven by changes in the clock have been discussed in clinical settings with respect to depression (Thoenes & Oberfeld,
2015; Mioni et al., 2016), attention deficit hyperactivity disorder (ADHD;
Noreika et al., 2013; Kerns et al., 2001), and as a potential cause for circumscribed symptoms in schizophrenia (Giersch et al., 2015). Even more interesting, the influence of neurodegenerative diseases on timing has also been
explained by fluctuations in clock accuracy (e.g., Parkinson’s disease: Pastor et
al., 1992; O'Boyle et al., 1996; Malapani et al., 1998; Mioni et al., 2018; Huntington’s disease: Wild-Wall 2008; Freeman 1996; Alzheimer’s disease: Rueda
& Schmitter-Edgecombe, 2009; Papagno et al., 2004; Carrasco et al., 2000),
even though affected memory functioning is clearly associated with these diseases. And even fluctuations in timing accuracy that are observed over the life
span in healthy individuals are typically explained by the notion that in healthy
aging the internal clock slows down (Paraskevoudi et al., 2018).
Even though this work has implicated the clock as the main driver of
temporal distortions, it is important to note that in the tasks that are typically
used, the memory component also potentially influences the observed behavior.
That is, the majority of these studies have focused on the precision of the internal clock using temporal reproduction or temporal discrimination tasks to
10
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derive a measure of internal clock precision such as the Weber fraction. However, all these tasks inherently entail the perception of an interval that needs to
be reproduced or compared, and thus require the involvement of the interval
stored in memory, making it impossible to obtain a precision estimate that is
free of the influence of memory processes. These tasks have been used to draw
conclusions about clock precision in (pre-)clinical populations that are associated with affected memory functioning in other domains (e.g., mild-cognitive
impairment or Alzheimer patients). Yet, when memory functioning has been
affected, this line of reasoning could easily lead to false conclusions regarding
the source of affected timing. It could well be that the hypothesized changes in
the clock in memory impaired populations are actually driven by changes in
quality of the memory representation or in changes of how clock and memory
processes are integrated. As such, it is pertinent to study whether and how the
build of a prior is formed and the influence it has in memory impaired patients.
As demonstrated by the Bayesian observer models it is difficult to dissect
the relative influence of clock and memory processes on performance, as both
processes are inherently intertwined. Bayesian observer models assume that the
noisiness of a perceived duration determines how strong earlier experiences influence the internal estimate of the presented duration: when an interval is perceived more noisily, it will be pulled more strongly towards an earlier
established reasonable expectation for that estimate. On the other hand, when
an interval is perceived very precisely, there is less need to take previous experiences into account. As such the noisiness of the clock partially determines the
influence of the memory component. Therefore, to study the influence of memory
functioning in interval timing reproduction tasks it is necessary to have an estimate of clock precision that is free of memory influences.
Even though it is impossible to completely rule out any influence of
memory on any task we ask participants to do, Chapter 3 discusses a task that
is designed to measure clock variance while reducing the influence of memory
processes. In the 1-Second Task that I introduce in this chapter participants are
asked to simply press a key one second after they are presented a cue-stimulus.
Importantly, there is no training session and participants are requested to not
use any heuristics to estimate the one second duration (e.g., silently uttering
“Mississippi”, or “one - one thousand”, “two - one thousand”, etc.). This
means that even though the internal representation of the one second duration
needs to be retrieved from memory, it is unlikely that during the task this wellencoded interval will be overwritten or modified by external input. Based on
these assumptions, the variability observed in the one second productions provide an estimate of just clock and motor noise.
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While Chapter 3 focused on assessing the variability of the clock while
controlling for memory functioning, Chapter 4 highlights the role of the
memory system in interval timing by addressing the impact of clinical memory
dysfunction on interval timing. In Chapter 4, I present data from patients diagnosed with mild-cognitive impairment, a state which is often seen as a precursor
to the development of Alzheimer’s disease. Interestingly, the data reported in
this chapter support the notion that behavior of memory-affected participants
is better described by assuming a stronger impact of previous experiences. Even
though these results might seem counterintuitive as it suggests that poorer
memory function leads to an increase of a memory-driven phenomenon such as
the central tendency effect, this effect was also observed in a control group of
healthy ageing participants when performance was analyzed as a function of
their memory performance. This effect was replicated in Chapter 5, in which
I report a validation of the effect in a healthy, yet aging memory subgroup.
All this work suggests that memory plays an important role in the empirical phenomena associated with timing. Yet, the most prominent Bayesian observer models of interval timing disregard memory as a potential explanatory
variable. In Chapter 6, I present an updated version of the Bayesian observer
models that acknowledges the variability of human memory processes and allows for assessing the relative role of clock variability and memory processes in
temporal performance. Instead of assuming a static memory representation, we
use a more realistic representation of the empirical prior by using a mixture of
distributions each representing a stimulus category. By fitting this model to the
data presented in Chapter 3 and 4, I demonstrate that the Mixture Log-Normal
Model provides the most sensible estimation of the shape of the prior and the
role of clock and motor noise in interval timing tasks. Furthermore, by applying
this model to a clinical sample I conclude that the Mixture Log-Normal Model
allows for a more accurate description of the mechanisms underlying behavior
of clinical and healthy aged populations.

12

Chapter 1

Context of Time

13

Chapter 2
The Context Matters

This chapter has been published as: Maaß*, S. C., Schlichting*, N., & Van Rijn,
H. (2019). Eliciting Contextual Temporal Calibration: The Effect of Bottomup and Top-down Information in Reproduction Tasks. Acta Psychologica 199,
*
102898.
shared first author
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Abstract
Bayesian integration assumes that a current observation is integrated with previous observations. An example in the temporal domain is the central tendency
effect: when a range of durations is presented, a regression towards the mean is
observed. Furthermore, a context effect emerges if a partially overlapping lower
and a higher range of durations is presented in a blocked design, with the overlapping durations pulled towards the mean duration of the block. We determine
under which conditions this context effect is observed, and whether explicit
cues strengthen the effect. Each block contained either two or three durations,
with one duration present in both blocks. We provided either no information
at the start of each block about the nature of that block, provided written
(“short” / “long” or “A” / “B”) categorizations, or operationalized pitch (low
vs high) to reflect the temporal context. We demonstrate that (1) the context
effect emerges as long as sufficiently distinct durations are presented; (2) the
effect is not modulated by explicit instructions or other cues; (3) just a single
additional duration is sufficient to produce a context effect. Taken together,
these results provide information on the most efficient operationalization to
evoke the context effect, allowing for highly economical experimental designs,
and highlights the automaticity by which priors are constructed.
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Introduction
When estimating the duration of a specific interval, we do not only perceive and process the duration of that specific interval, but also integrate other
factors like prior knowledge about the statistical features of earlier perceived
durations in the current environment. In fact, this has been proposed to serve
as a way to optimize behavior, because the prior information can dampen the
consequences of noise during the perception of a single event (Faisal, Selen, &
Wolpert, 2008), a phenomenon especially relevant in noisy, real-world settings
(Van Rijn, 2018). Evidence for the integration of sensory evidence and prior
knowledge can be observed in many perceptual and cognitive tasks (e.g., for
any magnitude estimation task, Martin, Wiener, & Van Wassenhove, 2017),
and modeled with Bayesian observer models (e.g., Petzschner, Glasauer, &
Stephan, 2015). Bayesian models of perception also have a significant impact
on the field of time perception (for an overview, see Shi, Church, & Meck,
2013; Van Rijn, 2016), for example to explain the central tendency observed
in multi-duration tasks, or temporal context effect.
The temporal context effect occurs when a particular interval is either
over- or underestimated as a function of the distribution of the other test-intervals that are presented. More precisely, central tendency effects will cause an
interval to be underestimated when presented alongside shorter intervals (i.e.,
within a temporal context of short intervals), while it will be overestimated
when presented together with longer intervals (Jazayeri & Shadlen, 2010). In
recent years, Bayesian observer models have been shown to accurately reproduce human behavior in timing tasks (Acerbi, Wolpert, & Vijayakumar, 2012;
Cicchini, Arrighi, Cecchetti, Giusti, & Burr, 2012; Gu, Jurkowski, Lake, Malapani, & Meck, 2015; Jazayeri & Shadlen, 2010; Roach, McGraw, Whitaker, &
Heron, 2017; Shi et al., 2013). In a Bayesian framework, the perceived duration
of the current trial (the likelihood) is integrated with previously encountered
intervals (the prior) to obtain a subjective percept (the posterior) which will be
used for reproduction. The central tendency effect is explained by assuming
that the mapping from likelihood to posterior results in a systematic over-or
underestimation of intervals that are shorter or longer than the center of the
prior distribution. When the same interval is present in two different contexts
consisting of shorter or longer intervals, it will be underestimated in the short,
and overestimated in the long context, yielding the context effect (see Jazayeri
& Shadlen, 2010, Figure 2, for a visual depiction, or for an online simulation,
https://vanrijn.shinyapps.io/MaassVanMaanenVanRijn2019).
Temporal reproduction can only be affected by different contexts if the
presented stimuli or experimental setup gave rise to the creation of different
Context Matters
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contexts. A straightforward approach is to temporally separate the different contexts, for example in different sessions (e.g., Jazayeri & Shadlen, 2010) or in
different blocks within one experimental session (e.g., Roach et al., 2017).
However, contexts can be presented intermixed, as long as trials from different
contexts are otherwise dissociated. In a series of experiments Roach et al. (2017)
presented intervals of different contexts intermixed (i.e., not blocked or otherwise temporally separated), while the different contexts were distinguishable by
their associated physical properties (e.g., shorter intervals were presented on the
left side of the screen, longer intervals on the right) or response mode (e.g.,
motor reproduction for shorter intervals, vocal reproduction for longer intervals). In other words, they explored how distinct stimuli of different contexts
need to be in order to acquire distinct priors for each context. They found that
if contexts are associated with different motor responses, participants form distinct priors within one session, but not if contexts are associated with different
stimulus locations. Interestingly, after more extensive training (i.e., participating
in multiple sessions), stimulus location was also shown to be an effective cue to
dissociate contexts. Moreover, other work has demonstrated that even if different priors are built, they still influence each other (Taatgen & Van Rijn, 2011).
These examples illustrate that context effects are very much dependent on
seemingly minute details in the experimental design.
When physical properties of the stimuli are not indicative of the context,
other aspects need to be sufficiently distinct between contexts to obtain a temporal context effect. In how far statistical properties of the stimulus material
(i.e., the distributions of durations) have to differ between contexts has recently
received some attention in literature (e.g., Roach et al., 2017; Acerbi, Wolpert,
& Vijayakumar, 2012, Rhodes, Seth & Roseboom, 2018). For example,
Rhodes et al. (2018) demonstrated that the behavior of human participants was
best described by a Bayesian observer model that assumed a different prior based
on the specific parameters of the presented signal (i.e., visual flashes or auditory
tones, high or low pitch tones, or white noise versus pure tone audio). Another
type of contextual information that can shape perception is that of symbolic or
semantic cues. For example, Petzschner, Maier and Glasauer (2012) have shown
that, in a linear displacement task, when trials from short and long contexts are
presented intermixed and not in separate blocks, verbal cues (i.e., whether the
stimulus on a particular trial will be drawn from the short or long context)
causes behavioral effects similar to the typical context effect. Another example
of how prior knowledge can affect behavioral performance from the time perception literature is the work of Dyjas, Bausenhart, and Ulrich (2014) on stimulus order effects in interval comparison tasks. Typically, discrimination
performance is lower if the comparison interval precedes the standard interval
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(Bausenhart, Dyjas, & Ulrich, 2015; Lapid, Ulrich, & Rammsayer, 2008).
However, when participants are informed about the stimulus order before a
trial starts, this effect is greatly reduced suggesting that participants have, to a
certain degree, top-down control on the processing of intervals (Dyjas, Bausenhart, & Ulrich, 2014). In the current work, we explore how bottom-up (i.e.,
statistical properties of the stimulus material) and top-down information (i.e.,
abstract knowledge about the experimental conditions) influence the buildup
of temporal priors. This way, we aim to give recommendations under what
conditions reliable context effects can be obtained efficiently.
Participants completed a single session interval reproduction task in which
the intervals were represented by the duration of pure, continuous tones. Intervals in even blocks were sampled from a short temporal context, and in odd
blocks from a longer context (or vice versa). In the baseline version of the experiment each context (short and long) was defined by three intervals: a standard
medium (M) interval combined with two shorter intervals (S2 and S1, short
context), or the standard medium (M) interval with two longer intervals (L1 and
L2, long context). The M interval was the same in each context and condition
(see also Figure 2). In Experiment 1A, we manipulated the distribution of the
intervals within and between contexts to test whether and when participants do
not form two priors anymore, but start to generalize across contexts. In a between-subjects design, we manipulated the width of theoretical prior-distributions within each temporal context (i.e., the spread of durations within the short
and long context), as well as in the distance between the mean durations of the
temporal contexts (i.e., the theoretical priors becoming more similar) as depicted in Figure 2.
In Experiment 1B we tested the effect of more or less abstract top-down
categorization instructions on the temporal context effect, either by means of
explicit information or by means of a manipulation of the physical properties of
the presented interval (cf., Rhodes, Seth & Roseboom, 2018). Intervals of the
short and long context were, as in Experiment 1A, presented in blocks. In a
between-participant manipulation, participants received further information
about the experiment in that they were either informed before the start of each
block whether they would (1) perceive shorter or longer intervals; (2) whether
they would perceive intervals from ‘set A’ or ‘set B’ without explicit information about the relative durations (but which were associated with shorter or
longer intervals); (3) whether they will hear higher or lower pitched tones
(which were, again, associated with shorter or longer intervals, but now this
information was accessible on each trial, see also Rhodes et al. 2018); or (4)
they received no further information at all (baseline condition). If participants
integrate such additional information in their representations of the different
Context Matters
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contexts, these representations could be more distinct from each other, or the
experience of the previous block (i.e., the other context) could be disregarded
more easily, leading to a quicker recalibration of the prior and, again, more
distinct representations of the two temporal contexts. In either case, we would
expect to find more pronounced context effects if participants receive additional
information.

Experiment 1A
Methods
Participants. Seventy-six students enrolled in the Psychology program
of the University of Groningen (Mage = 21.0 years, SDage = 2.67 years, range:
18-31 years; 52 females) completed the experiment in exchange for partial
course credits. All subjects gave written informed consent to participate in the
experimental protocol, approved by the Psychology Ethical Committee of the
University of Groningen.
Apparatus. MacBooks (13”, 2009) controlled all experimental events.
Auditory stimuli were presented through headphones (Sennheiser, HD280
Pro), with volume individually adjusted to comfortable levels. The experiment
was programmed using Psychtoolbox-3 (Brainard, 1997; Pelli, 1997; Kleiner et
al., 2007) in Matlab R2014b.
Participants. Participants completed an interval reproduction task,
consisting of eight blocks of 60 trials each. The blocks consisted of either shorter
or longer intervals and were presented in turns, with the order counterbalanced
by participant number. Each trial consisted of the presentation of an interval,
and the reproduction of that interval (see Figure 1). Each trial commenced with
an ITI of a random duration between 2 and 3 seconds sampled from a uniform
distribution during which a fixation cross (“+”) was presented in the center of
the screen. Then a “!” appeared on the screen for 700ms to prepare the subjects
for the presentation of the interval. Following this, the interval was presented
by means of a 440 Hz pure tone that lasted for the duration associated with the
current trial. After completion of the tone, an interstimulus interval (ISI) of 1.5
seconds was presented while a “?” was displayed on screen. Then another 440
Hz pure tone was started, during which the “?” remained on the screen.
Participants were instructed to press the spacebar when the earlier presented
interval duration had passed.
To test the effect of temporal distribution, Experiment 1A consisted of
four temporal distribution conditions differing in the intervals being presented
in the short and long blocks (conditions are labelled as S2-S1-M-L1-L2, S2-ML2, S1.5-M-L1.5 and S1-M-L1, see Figure 2). Intervals in temporal distribution
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S2-S1-M-L1-L2 were spaced logarithmically, ranging from 625 (S2) to 1296
ms (L2). The letters are descriptive of the temporal distributions, for example,
S2 corresponds to the shortest duration presented within distributions S2-S1M-L1-L2 and S2-M-L2 , and, L2 to the longest duration presented, S1.5 is the
mean duration of S1 and S2, and, accordingly L1.5 is the mean duration of L1
and L2 (see Figure 2 for a graphical illustration). Intervals used in the other
distributions were derived from this initial condition (S2-S1-M-L1-L2). In each
block, each interval was presented twenty times while ensuring that each sequence of two durations appeared equally often. Stimulus order was determined
using a de Bruijn sequence to ensure that every possible stimulus combination
(i.e., duration of the previous trial and duration of the current trial) appeared
equally often in the experiment (see also Wiener & Thompson, 2015). Because
the S2-S1-M-L1-L2 distribution condition incorporated three intervals in each
block type (short or long), each of the eight blocks consisted of 60 trials, while
the other distribution conditions the eight blocks consisted of 40 trials.

Figure 1. Graphical depiction of a single trial.

Data Analysis. A complete overview of all analyses and results can be
found at https://osf.io/m46v5. Trials with a reproduction below 375 ms (40%
shorter than the shortest interval) or longer than 1814 ms (40% longer than the
longest interval) were discarded from the analysis. Three participants (out of 76)
were excluded because more than 30% of the trials were to be discarded, for
the remaining participants an average of 0.72% of trials were removed from
subsequent analyses. All data were modeled using Linear Mixed Models
(LMMs) using the lme4 (Bates, Mächler, Bolker, & Walker, 2014) and lmerTest
package (Kuznetsova, Brockhoff, & Christensen, 2017) in R (R Core Team,
2016). In all models, participant was entered as random intercept. Random
slope terms were included if they improved the model based on likelihood ratio
tests.
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Figure 2. Between subject conditions. Each participant was assigned to one of four temporal
distribution conditions (color coded, from top to bottom: S2-S1-M-L1-L2, S2-M-L2, S1.5-M-L1.5 and
S1-M-L1). Each condition consisted of a short (left) and long (right) context blocks, sharing the
“M” duration. Conditions differed in the spread of durations within contexts (e.g., distribution S1M-L1 is more narrowly spread than distribution S2-M-L2), as well as in the distance between the
mean durations of temporal contexts (e.g., the difference between means of short and long context
in the S2-S1-M-L1-L2 distribution is 292 ms versus 165 ms in the S1-M-L1 distribution).

First, we tested the effect of temporal distribution on two different
measures of context effects. The first measure is the M interval effect, here defined as the difference in reproductions of the M interval dependent on context.
These M interval effects can be a result of regression towards the mean effects,
but also of other factors that potentially influence intercepts within context
conditions, like temporal distribution or categorization. We created an LMM
to predict reproductions of the M interval, entering context (coded as -0.5 for
context short and 0.5 for context long) and temporal distribution, as well as their
interaction as predictors. We explicitly tested a model including the interaction
term context × temporal distribution but not temporal distribution as a main effect,
because temporal distribution could have differential effects on M interval reproductions dependent on context, but not a general effect. We compared these
models by quantifying the evidence, denoted as BF01, in favor of the null hypothesis (H0, here expressed by the less complex model) over the alternative
hypothesis (H1, here expressed by the more complex model) using the Bayesian
Information Criterion (BIC) calculated for both models (Wagenmakers, 2007).
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As a second measure we compared slope values obtained from linear regressions that were performed for each context and participant separately. These
values reflect the regression towards the mean within each context (i.e., slope
values close to 1 can be interpreted as almost no regression towards the mean,
and lower slope values as more regression towards the mean). Slope was entered
in the LMM as the dependent variable, while again context and temporal distribution including their interaction were entered as predictors. We then proceeded
as described above to test the effect of temporal distribution.
Additionally, we tested whether sequential context effects (i.e., the effect
of the previous presented duration on the current reproduction) differed between temporal distribution conditions. The initial model included reproduction
as dependent variable; duration (i.e., presented duration; entered as a continuous
value, centered on the M interval), temporal distribution, and context as fixed factors; and the interaction terms duration × temporal distribution and context × temporal distribution (cf., Taatgen & Van Rijn, 2011, Hallez, Damsma, Rhodes, Van
Rijn, & Droit-Volet, 2019). We sequentially added previous presented durations (N-1, N-2, etc.) and interaction terms N-1 (N-2, etc.) × temporal distribution and tested whether they improved the model fit as described above.
Table 1. Summary of model analyses for Experiment 1A. Rows indicate different models,
ordered from complex models including all interactions (Roman numeral IV) to simple main effect
models (Roman numeral I). Bayesian Information Criterion (BIC) as computed by the lme4 package. Bayes Factors (BF) express the evidence in favor of the model associated with the row, against
the model associated with the column (indicated by Roman numbers). Green shades indicate comparisons in favor (BF>10) of the model associated with the row, red shades indicate comparisons in
favor of the model associated with the column (BF<0.1). (“baseline model”: “duration × distribution + context × distribution”, “distr.”: distribution).
BIC

IV
III
II
I
IV
III
II
I
IV
III
II
I

reproduction M interval ~
context × distribution
context + context : distribution
context + distribution
context
slope ~
context × distribution
context + context : distribution
context + distribution
context
reproduction ~
+ N-1 × distr. + N-2 × distr.
+ N-1 + N-2
+ N-1
+ ∅ (only baseline model)
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BFcolumn,row
IV

-11430
-11448
-11376
-11395

8.1x10+3
1.8x10+12
2.5x10-8

-2
-12
-16
-27

148.413
1.1x10+3
2.6x10+5

-24805
-24852
-24850
-24754

1.6x10+10
5.9x10+9
5.2x10-22

III

II

I

1.2x10-4

5.3x10+11
4.3x10+15

3.9x10+7
3.2x10+11
7.4x10-5

2.3x10-16
3.1x10-12
0.007
7.389
1.8x10+3
6.2x10-11
0.368
5.2x10-22

1.3x10+4
9.1x10-4
0.135

3.7x10-6
5.5x10-4
0.004

244.692
1.6x10-10
2.718

1.1x10+11
1.9x10+21
7.0x10+20

1.4x10-21
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Results
Results of Experiment 1A are summarized in Figure 3 and in Table 1.
Model comparisons testing the effect of temporal distribution on reproductions
of the M interval (Figure 3B) are shown in the top section of Table 1. The
preferred model (Model III) includes a main effect of context and the interaction
between context and temporal distribution. Note that temporal distribution was not
included as a main effect in this model to test the assumption that temporal distribution in itself does not influence the difference in reproductions of the M
interval. Context influences M interval reproductions (β = 0.09, t(74.08) = 9.09,
p < .001, given the S2-S1-M-L1-L2 distribution), an effect that is modulated by
temporal distribution (S2-S1-M-L1-L2 vs. S1.5-M-L1.5 β = -0.04, z = -3.04, p =
.013, S2-S1-M-L1-L2 vs. S2-M-L2 β = -0.07, z = -4.99, p < .001, and S2-S1-ML1-L2 vs. S1-M-L1 β = -0.04, z = -2.88, p = .020). These effects are reflected
in Figure 4B, with steeper lines reflecting stronger context effects.
Comparison of different models predicting slope values prefers a model
with just a main effect of context (Table 1, middle section, Model I), without
additional main effects or interactions of temporal distribution. The context effect reflects lower slope values in the long compared to the short context (β =
-0.13, t(74) = -5.03, p < .001; see also Figure 3C).
The analysis of sequential context effects (see the model comparisons in
the lower section of Table 1) revealed that both N-1 and N-2 affect the current
reproduction (β = 0.07, t(26467) = 10.31, p < .001; and β = 0.02, t(26467) =
3.71, p < .001, respectively) as Model III was preferred. Note that there is limited evidence in favor of Model III over Model II (BF=2.71), so alternatively
one could have selected Model II. However, as both models are qualitatively
similar and evidence does prefer Model III over Model II, we have opted for
Model III. (Note that a comparison with a model also including N-3 preferred
the simpler model, BF=0.006). In summary, reproductions were influenced by
previously presented durations (with strong evidence for N-1, and reduced evidence for N-2).
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Figure 3. Effect of temporal distributions on context effects. A, Average interval reproductions
dependent on context and temporal distribution. Note that the overlapping interval M has the same
duration (0.9 s) in both contexts, but is spatially separated dependent on context for display purposes. B, Reproductions of the M interval dependent on context and temporal distribution. C,
Average slope values dependent on context and temporal distribution. Error bars depict the standard
error.

Experiment 1B
Methods
Participants. Eighty-one students enrolled in the Psychology program
of the University of Groningen (Mage = 20.6, SDage = 2.8 years, range: 1733 years; 58 females) completed the experiment in exchange for course credits.
All subjects gave written informed consent to participate in the experimental
protocol, approved by the Psychology Ethical Committee of the University of
Groningen.
Apparatus. Identical to Experiment 1A (see above).
Procedure. Participants completed the same reproduction task as in
Experiment 1A (see above). The intervals presented were identical to the
durations of temporal distribution S2-S1-M-L1-L2 of Experiment 1A (see
Figure 2).
To manipulate the strength of categorization, participants were assigned
to one of four versions of Experiment 1B which differed in the information
that was given about the blocks in form of written instructions prior the beginning of the task. In the version no label no further instructions were given about
the lengths of intervals in each block (note that this is the same group of participants as in Experiment 1A, temporal distribution S2-S1-M-L1-L2). In the version pitch the following instructions were given prior to the start of the task “In
Context Matters
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the next blocks, you will hear durations with different pitches. The pitch
changes from block to block”. In the version short/long instructions read “In the
next blocks, you will either hear SHORTer or LONGer durations. This will
be indicated at the start of each block.” with a further instruction indicating
whether the lengths of intervals in the next block are short or long. In the
version A/B participants were informed that “In the next blocks, you will hear
durations from SET A or SET B. This will be indicated at the start of each
block.” with the corresponding set denoted before each block.
The rest of the procedure in Experiment 1B was identical to condition
S2-S1-M-L1-L2 of Experiment 1A with the exception that in version pitch the
intervals were presented with a 420 Hz pure tone in the short/long blocks and
a 460 Hz pure tone in the long/short blocks. Whether the short block was
associated with the higher or lower pitch tone was counterbalanced between
participants.
Data Analysis. Identical rejection criteria were used as in Experiment 1A
(see 2.1.4.). Trials with a reproduction below 375 ms (40% shorter than the
shortest interval) or longer than 1814 ms (40% longer than the longest interval)
were discarded from the analysis. One participant was excluded because more
than 30% of the trials were to be discarded, for the remaining participants an
average of 2.04% of trials were removed from subsequent analyses. Data of Experiment 1B was analyzed using the same analysis pipeline as in Experiment 1A,
with the only difference that instead of including temporal distribution as secondary predictor, here we included categorization as a predictor in the model
analyses.

Results
In Experiment 1B we tested the effect of categorization on the strength
of context effects (Table 2, top section, and visually depicted in Figure 4A and
4B). Model analysis of reproductions of the M interval revealed that there was
no evidence in favor of the inclusion of categorization as a main factor or an
interaction including categorization. The preferred Model I contains a context
factor independent of categorization condition: participants tended to overestimate the M interval in the long compared to the short context (β = 0.08,
t(79.04) = 15.33, p < .001).
We found the same pattern of results when testing slope-values (Table 2,
middle section, Figure 4C). Again, based on model comparisons we find no
evidence for an effect of categorization on slope, but did find a main effect of
context in general, meaning that in the long context (lower slope values) par-
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ticipants relied more on prior representations than in the short context (higher
slope values, β = -0.08, t(80) = -3.75, p < .001).
Similar to Experiment 1A, the analysis of sequential context effects revealed that both N-1 and N-2 affect the current reproduction (β = 0.07,
t(37456) = 11.23, p < .001; and β = 0.03, t(37456) = 5.43, p < .001, respectively, based on the model including N-1 and N-2 but not their interaction
with categorization), but not N-3 (BF = 0.01).

Figure 4. Effect of categorization on context effects. Note that the condition no label is identical
to the condition S2-S1-M-L1-L2, in Experiment 1A (see Figure 3), in both cases color coded as dark
blue (baseline condition). A, Average interval reproductions dependent on context and categorization condition. Note that the overlapping interval M has the same duration (0.9 s) in both contexts,
but is spatially separated dependent on context for visual clarity. B, Reproductions of the M interval
dependent on context and categorization condition. C, Average slope values dependent on context
and categorization condition.
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Table 2. Summary of model analyses for Experiment 1B. Rows indicate different models,
ordered from complex models including all interactions (Roman numeral IV) to simple main effect
models (Roman numeral I). Bayesian Information Criterion (BIC) as computed by the lme4 package. Bayes Factors (BF) express the evidence in favor of the model associated with the row, against
the model associated with the column (indicated by Roman numbers). Green shades indicate comparisons in favor (BF>10) of the model associated with the row, red shades the model associated
with the column (BF<0.1). (“baseline model”: “duration × categorization + context × categorization”, “cat.”: categorization).
BIC

IV
III
II
I
IV
III
II
I
IV
III
II
I

reproduction M ~
context × categorization
context + context : categorization
context + categorization
context
slope ~
context × categorization
context + context : categorization
context + categorization
context
reproduction ~ baseline model
+ N-1 × cat. + N-2 × cat.
+ N-1 + N-2
+ N-1
+ ∅ (only baseline mode)

BFcolumn,row
IV

-9080
-9103
-9087
-9110

9.8x10+4
33.1155
3.2x10+6

-4
-19
-18
-33

1.8x10+3
1.1x10+3
1.9x10+6

-26488
-26537
-26519
-26401

4.3x10+10
5.3x10+6
1.2x10-19

III

II

I

1.0x10-5

0.0302
2.9x10+3

3.0x10-7
0.0302
1.0x10-5

3.3x10-4
33.1155
5.5x10-4
0.6065
1.1x10+3
2.2x10-11
1.2x10-4
2.9x10-30

9.8x10+4
9.1x10-4
1.6487

5.0x10-7
9.1x10-4
5.5x10-4

1.8x10+3
1.8x10-7
8.1x10+3

7.7x10+18
3.4x10+29
4.2x10+25

2.3x10-26

Discussion
When intervals are embedded in a temporal context, humans form an
internal representation of the statistics of this context, or, in Bayesian terms, a
prior distribution. If two or more temporal contexts are presented within the
same experiment, participants can, under certain circumstances, form multiple
priors – one for each temporal context – that differentially affect behavior. Presenting a standard interval (medium, M) either embedded into a short or a long
context in a blocked design leads to the context effect: central tendency effects
arise, causing the subjective estimations for the identical M interval to differ
between contexts (i.e., relative underestimation in the short, and overestimation
in the long context). Following this Bayesian rationale, the context effect can
only be observed when the presented stimuli give rise to independent prior
distributions, or, in other words, in order to obtain a temporal context effect,
the contexts need to be perceived as sufficiently distinct from each other. Here,
we explored the parameters that promote the formation of different priors by
manipulating the underlying statistical properties in terms of the distribution of
durations in each context (i.e., bottom-up information, Experiment 1A), or by
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explicit instructions aiding the observers to categorize intervals into two distinct
contexts (i.e., top-down information, Experiment 1B). Results show that if the
means of two interval distributions are sufficiently different from each other, a
separate central tendency effect emerges for each of the distributions, even in
absence of explicit instructions. If the durations from both temporal distributions are too similar, however, participants will generalize over all presented
durations, irrespective of the temporal context. Adding additional cues that potentially help participants to distinguish between temporal contexts did not improve the separation of both sets of intervals. These results are interesting as
earlier work (e.g., Rhodes et al., 2018) has shown that unique prior distributions can be formed when intervals are defined by physical properties of the
signal. This work indicates that presenting “blocks-of-trials” is sufficient to generate unique prior distributions, and adding additional cues to aid categorization
did not affect the prior distributions sufficiently to be reflected in central tendency related statistics in this study.
Whenever central tendency effects were observed, we replicated the finding that the central tendency effect is increased in longer contexts (e.g., Jazayeri
& Shadlen, 2010; Acerbi, Wolpert & Vijayakumar, 2012). This directly follows
from the interaction between scalar property-driven modulations of precision
as a function of duration and the influence of precision on the weighting of
prior knowledge: Scalar timing entails that longer durations are perceived more
noisily, causing wider likelihoods, and thus a stronger relative influence of the
prior than with shorter, more accurately perceived durations (e.g., Bausenhart,
Dyjas, & Ulrich, 2014; Wearden, 1991). In both experiments we found sequential context effects (N-1 and N-2) that were not influenced by the experimental manipulations, demonstrating the robustness of these effects (cf., Van
Rijn, 2016).
To conclude, we have demonstrated that (1) participants implicitly distinguish between different contexts as long as the contexts contain sufficiently
different durations, and that (2) neither explicit instructions, nor manipulations
of physical aspects of the stimuli influence the magnitude of context effects
when contrasted against a typical baseline condition. Below, we will first discuss
how different distributions of durations influence the observed central tendency, and then discuss the top-down manipulations to increase context distinctiveness, followed by a discussion of factors influencing the observed results.

Bottom-up Influences
Manipulating the statistical properties of the stimulus sets, that is, the distribution of durations presented in Experiment 1A (Figure 2), resulted in the
following pattern of results: The largest context effect, as measured by the largContext Matters
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est absolute difference between the standard duration (medium, M) in the short
and long context, was observed in conditions with the broadest range of intervals (spanning from S2 to L2). The temporal distribution S1.5-M-L1.5 was narrower and even though we still found a context effect, it was decreased as
compared to wider temporal distributions (i.e., those that included S2 and L2).
Thus, as a context effect was observed in these conditions (S2-S1-M-L1-L2,
S2-M-L2, and S1.5-M-L1.5), distinct priors were formed for each temporal
context. Even though comparisons need to be made carefully because of differences in experimental design, a similar pattern of adaptation to the statistical
properties of the presented durations was observed in the work of Acerbi,
Wolpert and Vijayakumar (2012).
In condition S1-M-L1, in which the narrowest temporal distribution was
presented, participants generalized over both temporal contexts. That is, there
is no evidence for the classification of the intervals into two separate contexts,
as evidenced by the absence of a context effect (Figure 3B). Hence, two intervals per context are only sufficient to create two separate prior distributions if
the longest/shortest interval has a duration that is sufficiently different from the
other context. Otherwise, the three durations are perceived as originating from
one temporal distribution and only a single prior will be formed, resulting in an
overall central tendency effect across all durations (note that the pull of the
longer durations will still be larger than the pull of the shorter duration due to
the scalar timing property, Figure 3C).
As interval timing is an inherently noisy process, it is not surprising that
a certain distance is needed to illicit the creation of two prior distributions. At
the start of the experiment, participants build a prior that is constructed on the
basis of the two or three durations presented in that block. If the objective
durations presented in the subsequent block are relatively similar to the durations presented in the first block, the subjective durations - which are influenced
by both noise and the prior that was constructed earlier - might be insufficiently
different from the existing prior to be perceived as potentially resulting from a
different context. In such cases, the participant will implicitly assume that all
intervals are sampled for a single context, and thus no information is present
that would warrant the formation of a new prior. This rationale is in line with
memory theories that assume that an assessment of the content of the memory
trace is used to determine in which context a trace is stored (e.g., Polyn, Norman, Kahana, 2009). However, this does raise the question of what the actual
distance is that is necessary to form two distinct priors dependent on temporal
context. We can express the relative distances as the longest interval divided by
the standard interval (medium, M), and conclude that with a relative distance
of 1.3 (L1.5/M,) two priors are formed, but with a relative distance of 1.2
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(L1/M) stimuli are perceived as coming from one theoretical prior distribution.
It is noteworthy, however, that the emerging context effect is influenced not
only by the distribution of the theoretical prior but also by the internal variability associated with the perception of the current duration (i.e., the likelihood). This internal variability, even in a very homogeneous population as
tested here, has been shown to vary between participants and to influence context effects (Maaß & Van Rijn, 2018). The reasoning outlined above creates an
interesting paradox. If sampling would have resulted in a subset of participants
with very low internal variability (cf., Cicchini et al., 2012), we would, on the
one hand, have expected a smaller or even absent context effect in the conditions in which we now found context effects. Yet, due to their higher precision,
these participants are more likely to notice that a new block is associated with
a different distribution even when the differences between durations are relatively small, which could have resulted in a reliable context effect in the condition in which we now did not observe any effect. Similar reasoning also holds
when considering the parameterization of the task used to measure the context
effects. For example, in the work reported in this study, we remained close to
our earlier studies in which we asked participants to end a machine-initiated
interval by a single keypress (e.g., Schlichting et al., 2018; Van Rijn & Taatgen,
2008). However, it has been demonstrated that the method used for reproducing durations influenced both accuracy and precision, with an offset-keypress
associated with lower precision than having the participant keep a key depressed
for the duration of the reproduction (Mioni, Stablum, McClintock, & Gronin,
2014, see also Damsma, Schlichting, Van Rijn, & Roseboom, 2019). Thus, if
we would have utilized a reproduction paradigm in which participants were
asked to keep a key depressed for the perceived duration, we might have observed a reliable context effect in condition S1-M-L1. Similar reasoning could
be applied to whether filled (more precise) or open (less precise) intervals (e.g.,
Grondin, 2010; Rammsayer & Altenmueller, 2006) or auditory (more precise)
or visual (less precise) stimuli are used (e.g., Aagten-Murphy, Cappagli, & Burr,
2014; Burr, Banks, & Morrone, 2009). How such paradigmatic differences influence the central tendency effects could be tested in future research.
Summarizing, higher or lower precision - either due to different participant characteristics or different task design - will influence the observed results.
Our results show that just a single additional duration presented in a block with
a standard duration suffices to elicit a reliable context effect, and given the current parameterization of the task and the population tested, the relative distance
of this additional duration should be in the order of 1.3 times the standard duration.
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Top-down Influences
As a second type of manipulation, we provided the participants with additional cues that could potentially aid in distinguishing temporal contexts. Interestingly, providing participants with information that would allow for easier
distinction of the temporal context did not result in a stronger central tendency
or context effect. Information about the nature of the block was either presented before each block commenced or by varying the physical properties of
the stimulus itself. The written instructions before each block either indicated
this block to be “short” or “long”, or used a more neutral labeling (i.e., block
“A” or “B”). In another version, we did not present participants with written
instructions before each block, but presented the duration in different pitch as
a function of context (as in Rhodes et al., 2018). Yet, even changing the properties of the stimulus itself did not result in a stronger context effect, even
though the disambiguating information was available on each trial as compared
to at the start of the block. In line with findings by Roach et al. (2017), these
results suggest that duration is stored independently from other physical stimulus
attributes.
It is possible that we failed to find an effect because the implicit emergent
context effect observed in the baseline condition was already driven by participants forming two separate priors. Adding explicit cues might have had an effect
if durations from different blocks were perceived as coming from one theoretical prior distribution, as we observed in Experiment 1A, condition S1-M-L1.
This is supported by the work of Petzschner, Maier and Glasauer (2012), who
demonstrated that with explicit cues two priors could be formed in an experiment that elicited a single prior without cues. However, as the baseline version
was manipulated in this study, this question remains to be addressed in future
work. Nevertheless, it is surprising that Version 2, in which the blocks were
labeled explicitly as “Short” and “Long”, did not result in stronger under- or
overestimation, as irrespective of the current trial one might be primed towards
producing shorter or longer intervals.
Taken together, the two sets of experiments show that as little as 40 trials
per block are sufficient to build a prior, and that a context effect is observed
after a single pair of a short and long block (see Figure S1, available at
https://osf.io/m46v5). Moreover, over the course of the experiment, participants are able to rapidly adapt to varying temporal contexts. This also happens
if no information is given about stimuli belonging to a different set, but pivotal
to that is that there are at least some notably distinguishably different durations
presented (as can be seen by the lack of context effects in Experiment 1A, condition S1-M-L1.).
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Conclusion
The aim of this study was to gain deeper insight into the acquisition of
reliable context effects in timing tasks, and the factors influencing the formation
of different priors for different temporal contexts. To this end, we investigated
how on the one hand bottom-up (i.e., statistical properties of the stimulus material) and on the other hand top-down information (i.e., more abstract or more
explicit cues about the experimental conditions) calibrate the temporal context.
Interestingly, providing information on the distinctness of the different contexts
did not have any effect on an observed context effect, indicating that top-down
information does not strengthen the build-up of distinct priors. However, the
width of theoretical prior-distribution does determine how instances of different magnitudes are clustered. Thus, context effects are very robust to top-down
information, with contexts not needing to be explicitly differentiated in block
instruction as long as there is a noticeable difference between the distributions
of durations used.
To summarize, when reliable context effects are needed, the presentation
of just a single duration in addition to a standard duration suffices, without requiring explicit instructions. This is valuable information when designing experiments in which the under- or overestimation of a standard duration is focus.
By just presenting a single shorter or a single longer duration in addition to a
standard duration, one can optimize the number of critical trials, and therefore
either keep experiments relatively short (highly relevant in, for example, children or clinical populations studies, e.g., Hallez et al., 2019, Karaminis et al.,
2016) or optimize the number of critical trials in, for example, decoding studies.
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Chapter 3
Taking Memory out of Timing

This chapter has been published as: Maaß, S. C., & Van Rijn, H. (2018) 1Second productions: A validation of an efficient measure of clock variability.
Frontiers in Human Neuroscience, 12(519).
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Abstract
Clock variance is an important statistic in many clinical and developmental
studies. Existing methods require a large number of trials for accurate clock
variability assessment, which is problematic in studies using clinical or either
young or aged participants. Furthermore, these existing methods often implicitly convolute clock and memory processes, making it difficult to disentangle
whether the clock or memory system are driving the observed deviations. Here
we assessed whether 20 repeated productions of a well-engrained interval (1 s),
a task that does not incorporate memory updating nor the processing of feedback, could provide an accurate assessment of clock variability. Sixty-eight undergraduate students completed two tasks: a 1-s production task in which they
were asked to produce a 1-s duration by ending a tone by a keypress, and a
multi-duration reproduction task. Durations presented in the reproduction task
were tones lasting 1.17, 1.4 and 1.68 s. No feedback was presented in either
task, and the order of presentation was counterbalanced between participants.
The observed central tendency in the reproduction task was better explained
by models including the measures of clock variability derived from the 1-s production task than by models without it. Three clock variability measures were
calculated for each participant [standard deviation, root mean squared residuals
(RMSRs) from an estimated linear slope, and RMSR scaled by mean production duration]. The model including the scaled RMSR was preferred over the
alternative models, and no notable effects of the order of task presentation were
observed. These results suggest that: (1) measures of variability should account
for drift; (2) the presentation of another timing task before a 1-s production task
did not influence the assessment of the clock variability; and (3) the observed
variability adheres to the scalar property and predicts temporal performance,
and is thus a usable index of clock variability. This study shows that just 20
repeated productions of 1 s provide a reliable index of clock variability. As administering this task is fast and easy, it could prove to be useful in a large variety
of developmental and clinical populations.
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Introduction
Estimating and reproducing short intervals in the hundreds of milliseconds
to seconds range is central to a wide range of behaviors. Irrespective of the
theoretical framework, this type of timing is assumed to be driven by an internal
time source, or clock, and memory traces of previously experienced intervals.
Because of this dyad, variations in interval timing proficiency can either be
driven by changes in the accuracy of the clock, or by variations in the efficacy
of the memory mechanisms. Interestingly, deviations in timing performance
observed in clinical populations are often attributed to variations in clock precision and accuracy (for a review see Allman and Meck, 2011). For example,
Alzheimer diseased patients demonstrate increased timing variability in a bisection task using sub-second intervals (Caselli et al., 2009), and similar observations are associated with the performance of patients with bipolar disorder
(Bolbecker et al., 2014) and Parkinson’s disease (Pastor et al., 1992; Harrington
et al., 1998; Malapani et al., 1998). Furthermore, performance of autistic children is poorer in temporal discrimination tasks when compared with healthy,
age-matched controls (Karaminis et al., 2016). Changes in temporal accuracy
are, however, not limited to clinical conditions. Even during normal, healthy
aging, temporal precision declines, observable by more variable timing estimations and a general decrease in accuracy (for a review see Paraskevoudi et al.,
2018).
Even though these phenomena are often explained in terms of deviations
in clock variance, the impairment of temporal precision may also be clockunspecific. For example, individuals with schizophrenia display greater variability in a rhythmic tapping task, potentially caused by larger timing variability
(Carroll et al., 2009). Yet, these effects have also been attributed to procedural
learning (Da Silva et al., 2012), or the inability to synchronize to external events
(Wilquin et al., 2018). Thoenes and Oberfeld (2017) propose general cognitive
deficiencies as a potential explanation for the impaired temporal performance
in individuals with schizophrenia.
Distinguishing between clock-based and more general deficiencies is difficult as most tasks that are used to assess the precision of the clock implicitly
rely on a convolution of clock and memory processes. Typically, the precision
of interval timing is indexed by a rhythmic tapping task or by calculating a
Weber fraction (e.g., Harrington et al., 1998; Karaminis et al., 2016), a measure
indicating the minimal proportional chance for a changed stimulus to be discernible from the original (“just noticeable difference”). The Weber fraction is
typically calculated from a psychometric function derived from a bisection or
discrimination task. In both tasks, participants have to learn either one or two
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comparison durations or “anchors” during the scope of the experiment. Performance in both tasks thus depends on generating the correct memory representations during the experiment itself. Moreover, calculating an accurate
psychometric function requires a relatively large number of trials making it unsuitable for populations with shorter attention spans or for those that are more
easily fatigued. The rhythmic tapping task on the other hand is closely linked
to motor performance, a process that undergoes a separate decline in aging and
certain clinical conditions (Paraskevoudi et al., 2018; PD: Jankovic, 2008).
Based on similar considerations, Paraskevoudi et al. (2018) proposed that “more
appropriate methods for detecting the accuracy and imprecision signatures of a
slower clock are verbal estimation tasks, production tasks, and unpaced finger
tapping tasks, which presumably reflect the internal tempo in its pure form”
(page 11). Here, we present a first validation of a pure clock variability measure
that does” not incorporate memory updating during the experiment, nor the
processing of feedback, and can be quickly administered.
In our study, participants were asked to produce 20 1-s intervals by ending
a machine-started tone by a key-press, without feedback or prior presentation
of the defined interval. As 1-s intervals are likely to be highly familiar or trained
to the participants, we assumed a stable internal representation and thus attributed the variability observed in the repeated production of this interval to
clock variability. The most straightforward way of determining the precision of
the repeated 1-s duration is by calculating a standard deviation. This way of
determining precision assumes that the accuracy of the 1-s estimation remains
the same over the 20 repeated productions. However, human performance on
simple tasks such as continuation tapping (e.g., Lemoine et al., 2006) is known
to be subject to drifts, especially over the shorter sequences used in this study
(Wagenmakers et al., 2004). These drifts are defined as slow changes of the
running mean, for example, participants might speed up or slow down during
the course of the experiment. Even though there is disagreement in literature
about the patterns best describing long-term dependencies, it is clear that an
accurate measurement of precision in the 1-s production task should account
for potential drifts.
Noise is ubiquitous in human information processing (Faisal et al., 2008),
and earlier work has demonstrated that humans use knowledge of their sensory
variability to produce estimates that are optimal in the context of the task (e.g.,
Körding and Wolpert, 2004; Murai and Yotsumoto, 2018): the noisier the incoming information on a particular trial, the stronger the influence of the expectation that was built up during previous trials. Thus, the temporal precision
measures derived from the 1-s task should determine how much a learnt temporal context influences the performance on a specific trial. We therefore asked
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participants to also complete a reproduction task of three different durations. A
typical phenomenon observed in these tasks is a central-tendency effect (Hollingworth, 1910, often referred to as Vierordt’s law; see Lejeune and Wearden,
2009, for a discussion). This tendency of judgments of quantities to gravitate
towards their mean, irrespective of whether it is in terms of spatial distances,
durations, or any other perceptual quantity, is a highly robust perceptual effect
(Jazayeri and Shadlen, 2010; Petzschner and Glasauer, 2011; Wiener et al.,
2016). This effect is typically explained by assuming that the internal representation of a currently observed quantity is a mixture of the actually perceived
quantity and a memory representation of all previous quantities. In the context
of this study, the consequence of this “central tendency” driven by previously
experienced durations is that durations shorter than this central tendency are
overestimated, whereas those longer than it are underestimated.
This highly robust phenomenon that demonstrates the influence of
memory on perception (see for reviews on memory influences on timing Shi
and Burr, 2016 or Van Rijn, 2016) can be captured in terms of Bayesian Inference (Jazayeri and Shadlen, 2010; Shi et al., 2013; see also Taatgen and Van
Rijn, 2011), in which the perceived duration (sensory likelihood) is integrated
with previously perceived intervals that are stored in the reference memory
(prior). The key feature of this process for the purpose of this work is that a
narrower (or less noisy) likelihood will yield a smaller regression to the mean,
and, vice versa, a stronger prior will result in more central tendency, and that
the likelihood is driven by the precision of the interval timing processes. For
example, in highly trained professional musicians, such as percussionists, reproduced auditory durations are reproduced to perfection, indicative of an extremely peaked likelihood, and resulting in a relatively small influence of the
prior (Cicchini et al., 2012). Inversely, as aged participants exhibit more uncertainty, indicative of a wide likelihood, the influence of the prior increases, causing a stronger reliance on prior memories (Turgeon et al., 2016). In other
words, the individual differences observed in the 1-s task should correlate with
the central tendency observed in the reproduction task. However, both tasks
rely on the production or reproduction of intervals in a similar time range. It is
therefore possible that sequential effects can be observed (note that these are at
a more global level than the trial-by-trial sequential effects discussed in, for example, Taatgen and Van Rijn, 2011; Dyjas et al., 2012; Di Luca and Rhodes,
2016). We tested for this possibility by counterbalancing the order in which the
production and reproduction task were administered.
Summarizing, we set out to test whether clock variability can be assessed
with a short production task, consisting of 20 repeated productions of a 1-s
interval and hypothesize that a measure of variability derived from this task
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should predict the amount of central tendency observed in a multi-duration
reproduction task.

Methods
Participants
Sixty-eight undergraduate students from the University of Groningen
completed the experiment in exchange for course credit. All subjects gave written informed consent in accordance with the Declaration of Helsinki. The protocol was approved by the Psychology Ethical Committee of the University of
Groningen. We excluded a total of five participants based on their performance
in either the production or reproduction task. One participant was excluded
based on failing to follow task instructions (98% of trials failing to meet the
inclusion criteria for the Reproduction task discussed below; average response
time during the reproduction task was 288 ms). For the production task, four
participants were excluded due to large deviations in produced durations, even
after excluding the first two startup trials (i.e., out of the 67 remaining participants, 63 did not produce any intervals longer than 3 s, whereas two participants
produced intervals of over 3 s on five trials, one participant on 10 trials, and
one on 15 trials). In total, 63 participants remained for further analyses (Mage =
21.4, range: 17–54, SDage = 5.8, 43 female).

Apparatus
A MacBook Pro 13’’ (2011) controlled all experimental events. Auditory
stimuli were presented through headphones (Sennheiser, HD280 Pro), with
volume adjusted to comfortable levels. The experiment was programmed using
Psychtoolbox-3 (Brainard, 1997; Pelli, 1997; Kleiner et al., 2007) in Matlab
R2014b.

Procedure
The production task consisted of 20 trials. To prevent a rhythmic sequence, each trial commenced with an intertrial interval (ITI) with the presentation of a fixation cross “+” for a random duration between 2 s and 3 s sampled
from a uniform distribution. Then a “?” appeared on the screen and simultaneously a 440 Hz pure tone started. Participants were asked to indicate when they
thought 1 s since the onset of the tone had passed by pressing the spacebar (see
Figure 1). As counting has been shown to increase the precision of duration
judgments (Thönes and Hecht, 2017), participants were instructed to refrain
from counting or keep track of time in any other way (e.g., tapping). This
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instruction has been shown to prevent influences of chronometric timing (Rattat and Droit-Volet, 2012).

Figure 1. Graphical depiction of the production task.

The reproduction task consisted of two blocks of 120 trials each. Each
trial consisted of the presentation of a duration, and the reproduction of that
duration (see Figure 2). The durations presented were 1.17, 1.4 or 1.68 s long.
Each trial commenced with an ITI of a random duration between 2 s and 3 s
sampled from a uniform distribution during which a fixation cross (“+”) was
presented in the center of the screen. Then a “!” appeared on the screen for
700 ms to prepare the subjects for the presentation of the duration. Following
this, the duration was presented by means of a 440 Hz pure tone that lasted for
the duration associated with the current trial. Within each block of 120 trials,
all three durations were presented 40 times, in random order. After completion
of the tone, an inter stimulus interval (ISI) of 1.5 s was presented with a “?”
displayed on screen. Then another 440 Hz pure tone was started. The task was
to press the spacebar when the earlier presented duration had passed. To test
for order effects, 31 participants performed the task in “production—reproduction” order, and 32 in reversed order (based on parity of their sequential participant number).

Figure 2. Graphical depiction of the reproduction task.
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Statistical Analysis
For the reproduction task, we marked trials on which response times were
lower than 500 ms or greater than 2.5 s as outliers, and removed them from
analyses. Of the resulting dataset, 1.4% of all data points in the reproduction
task were marked as outliers.
All analyses were performed in R, with the full script and data available
at the https://osf.io/3aj79. The Bayesian analyses were performed with the R
package BayesFactor (version 0.9.12-4.2; Morey et al., 2018) using the default
prior settings, and are interpreted based on the guidelines provided by Jeffreys
(1961), as adapted by Lee and Wagenmakers (2014). The reported Bayes factors
summarize the extent to which an observer’s opinion of the tested variable
should change based on the data. A Bayes factor of 1 indicates that both hypotheses are equally likely under the data and therefore is inconclusive. Bayes
factors larger than 1 represent evidence for the alternative hypothesis of an influence of the tested independent variable on the dependent variable, and Bayes
factors less than 1 represent evidence for the null hypothesis of no effect of the
tested variable. For the Bayesian linear mixed effect models, we built models
predicting centered estimated duration by the entered effects including participant as random factor. We then assessed the variable of interest by comparing
the Bayes factor of the model including this variable with the Bayes factor associated with a model omitting this variable. To facilitate interpretation, we
invert Bayes factors below 1 and describe in the text whether the Bayes factor
is evidence for inclusion or exclusion of the factor. This way, all reported Bayes
factors express the evidence for presence or absence of an effect as values progressively greater than 1.

Results
Production Task: Accuracy
As no feedback was given during the production task, the average reproduced durations provide an index of the accuracy of the internal representation
of 1-s veridical time. The first two trials were excluded, as discussed in the next
section. Figure 3 depicts the average produced durations per participant and the
resulting distributions as violin plots. The bar graphs depict the mean produced
durations for both order conditions (0.98 s, SE = 0.08, when the production
task preceded the reproduction task, and 0.76 s, SE = 0.07, for the inverse
order). A Bayesian linear effect model indicated that there was no conclusive
evidence either in favor or against an effect of order (BF = 1.46 ±0.01%). However, the accuracy of the internal representation of a 1-s interval is of secondary
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relevance in the context of this study, as the purpose of the 1-s production task
was to assess clock variability instead of (veridical) accuracy.

Figure 3. Violin plots depicting the distributions of the 1-s productions and the individual
participant means, separately for the order conditions (Pr: Production, Repr: Reproduction). The
inset depicts the average duration of the 1-s productions, including error bars representing standard
errors of the mean with the within-participants Cousineau-Morey correction applied (Morey,
2008).

Production Task: Precision
Assuming that the internal representation of a 1-s interval is firmly encoded in long-term memory, and thus not likely to be affected by a small number of production trials without feedback, the variance observed in the 1-s
productions reflects the trial-by-trial clock variability. The mean trial-by-trial
estimates are depicted in Figure 4, plotted separately for the two order conditions. As can be seen in this figure, the first trial is associated with very long
average responses, and both the first and second trial have noticeably bigger
error bars than the following trials. In all subsequent analyses (and the analyses
reported in the previous section), we have therefore considered these two initial
trials to be “start-up trials,” and excluded them from further analysis.
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Figure 4. Average estimated durations in the 1-s production task, plotted per trial, separately
for the order conditions (Pr: Production, Repr: Reproduction). Error bars represent standard errors
of the mean with the within-participants Cousineau-Morey correction applied.

The most straightforward measure of this variability is the variance or
standard deviation. Figure 5 shows, again for both order conditions, the standard deviation of the final 18 trials of the sequence of 20 trials. A Bayesian linear
model provided anecdotal evidence against order having an influence on the
deviation expressed in SD (BF = 2.23 ±0%).

Figure 5. Violin plots depicting observed standard deviation per participant, and the resulting
continuous distributions, separately for the order conditions (Pr: Production, Repr: Reproduction).
Inset depicts mean deviation with error bars representing standard errors of the mean with the
within-participants Cousineau-Morey correction applied.

44

Chapter 3

The standard deviation is an appropriate measure if the noise can be assumed to be centered around a fixed mean. However, if the repeated samples
are drawn from a distribution of which the mean changes over time, the standard deviation calculated assuming a fixed mean will overestimate the true variance as the shift in mean will increase the standard deviation. In the context of
this task, if the internal representation of a 1-s interval shifts, the standard deviation will overestimate the clock’s noisiness. Figure 6 depicts the 1-s production
data of a single participant. As can be seen, this participant shows a slow drift
from productions of around 2 s to productions of 1 s, but actually shows relatively little variance around this estimated trend. Assuming slow drifts in performance, calculating a standard deviance would overestimate this participant’s
clock noise. Even though Figure 4 might suggest an overall slope close to 0 (the
mean of individual slopes is -0.0055), the range is relatively large (-0.08 to 0.04,
reflecting a drift of -1,440 to 720 ms between trial 3 and 20). As there is decisive
evidence for a drift (one sample Bayesian t-test on the absolute slopes as depicted in Figure 6, BF = 4.83 x 104 ±0%), a reliable measure should account
for drift when estimating clock variance. We therefore also calculated the root
mean squared residuals (RMSR) based on a linear regression predicting produced duration as a function of trial number (coded as 1 to 18, after removing
the first two trials) fitted separately for each participant.

Figure 6. Produced durations in the 1-s production task of one participant. Dashed line depicts
linear regression predicting produced duration by trial.

Figure 7 depicts the RMSR for the two order conditions, analogous to
the way the SD was plotted in Figure 7. As with the SD measures, a Bayesian
linear model provided anecdotal evidence against order having an influence on
the deviation expressed in RMSR (BF = 2.26 ±0%).
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Figure 7. Violin plots depicting observed deviation expressed in root mean squared residual
(RMSR) from a linear fit estimated per participant, and the resulting continuous distribution, separately for the order conditions (Pr: Production, Repr: Reproduction). Inset depicts mean deviation
with error bars representing standard errors of the mean with the within-participants CousineauMorey correction applied.

Clock Variability
To assess which of the proposed measures is a better estimate of the clock
variance, we assessed whether a participant’s standard deviation or RMSR was
a better predictor of the central tendency observed in a reproduction study. The
data of the multi-duration reproduction task is graphically depicted in Figure 8.

Figure 8. Reproduced durations as a function of presented duration, plotted staggered on the
horizontal axis, separately for the order conditions (Pr: Production, Repr: Reproduction). Error
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bars are standard errors of the mean with the within-participants Cousineau-Morey correction applied. The dotted line represents veridical time.

For the analyses of this data, we centered both presented and reproduced
duration by subtracting 1.4 seconds from the presented and reproduced durations. As a baseline model, we fitted a Bayesian linear mixed effect model, with
participant as random factor, predicting centered estimated duration by centered
presented duration. Evidence in favor of the more complex model that included
presented duration was decisive when compared to a model just including an
intercept (BF = 9.17 x 101244 ±7.99%). Comparing this model to a model that
also included experimental order provided decisive evidence against the more
complex model (BF = 407.24 ±14.59%). Based on the rationale that clock variability should influence the width of the likelihood, and as such the relative
contribution of the prior, the best estimate of the veridical clock variability
should best predict reproduced duration. Decisive evidence was obtained for
the inclusion of each of the clock variance measures when compared to the
simpler model that did not include any estimate of clock variance (BF = 4.48 x
1010 ±9.74% for the SD-based measure, and BF = 2.47 x 1013 ±9.75%, for the
RMSR-based measure), demonstrating that clock variability as estimated by a
1-second production task does indeed predict the amount of central tendency
in a multi-duration reproduction task. This is depicted in Figure 9, where participants with higher clock variance also demonstrate a stronger central tendency effect. More importantly, a Bayesian model including RMSR is a
decisively better predictor of the estimated durations than a model including
the SD-based measure (BF = 5514.79 ±7.9), demonstrating the superiority of
the new RMSR measure.
One of the central findings in interval timing is that temporal precision is
relative to the duration of the interval being estimated, a phenomenon called
the scalar property of variance. As Figure 3 demonstrates, the average produced
durations range from a couple of hundred milliseconds to approximately 2 seconds. Scaling the observed variances by the mean produced duration would
result in less biased estimate of the internal noisiness of the clock. To test this
assumption, we fitted another Bayesian model that included the RMSR variance divided by the mean produced duration. This scaled model is a decisively
better predictor of the estimated durations than a model including the nonscaled RMSR measure (BF = 4.15 x 107 ±13.39%).
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Figure 9. Reproduced durations as a function of presented duration, plotted staggered on the
horizontal axis and plotted based on a median split on RMSR variance. Error bars are standard
errors of the mean with the within-participants Cousineau-Morey correction applied. The dotted
line represents veridical time.

To assess the influence of the scaled RMSR measure on the regression
towards the mean, we have plotted the estimated slope of the regression line as
shown in, for example, Figure 8, against the scaled RMSR. A slope of 1 would
indicate a participant, who in their reproductions is not at all influenced by
context, whereas a slope of 0 would indicate a participant who always reproduces the exact same duration, irrespective of the duration of the presented
interval. Or, in Bayesian inference terms, a slope of 1 indicates complete reliance on the likelihood, whereas a slope of 0 indicates complete reliance on the
prior. As expected, increased clock variance is associated with smaller slopes,
and vice versa: Results of the Bayesian correlation indicate extreme evidence
(BF = 325.58 ±0%) in favor of a large or moderate negative association between
the scaled RSMR measure and the slope, expressing the regression towards the
mean (r = -0.45, MAD = 0.11, 90% CI [-0.63, -0.25]).
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Figure 10. Scaled deviation (RSMR) as a function of the estimated slope of the regression
towards the mean as observed in the reproduction task, plotted per participant. The dashed line
depicts the regression line.

Discussion
The goal of this paper was to assess whether clock variability could be
reliably measured in a span of a couple of minutes so that it can be applied in
both prototypical experimental populations (i.e., young adults) and clinical or
developmental studies in which complex or lengthy experiments are often
problematic. We determined clock variability in a simple production task, and
demonstrate that this variability predicts the central tendency observed in a
multi-duration reproduction task. Following the rationale of Bayesian inference, this indicates that the measured variance in the production task is related
to the width of the likelihood distribution in the multi-duration reproduction
task, which has been associated with the noise in the clock parts of the temporal
system (e.g., Shi et al., 2013). Thus, we can assume that the assessed variance in
the production task, which takes less than three minutes to administer, is a reliable index of clock variance. Here, we will first discuss a number of methodological issues related to this paradigm and experiment, and then discuss a
number of more theoretical considerations.
We asked the participants to produce 1-second durations by ending a tone
one second after onset by a keypress. We explicitly opted for this duration as
we assumed that typical participants will have a reasonably stable and well encoded representation of a second duration, due to the prevalence of this duration in everyday life. Because of this well ingrained duration, participants will
hopefully be able to produce this duration without too much effort, and at the
same time, it is unlikely that 20 repeated productions of this duration, without
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any external feedback, would cause noticeable changes in the internal representation.
Before conducting this experiment, we did not have specific information
on whether it would be necessary to exclude a number of initial trials as “startup trials”, but as the first two trials were clearly associated with longer and more
variable (between participants) produced durations, we categorized these first
two 1-second productions as start-up trials. However, the population tested in
this experiment are young adults who were well trained in participating in psychophysiological experiments, making it likely that more start-up trials might
be needed when this paradigm is administered in other populations. Also, we
considered the possibility that order effects might influence performance in either the production, or reproduction task. For example, after performing two
blocks of the reproduction task, which contained durations between one and
two seconds, the 1-second estimates could be affected. However, Figure 3 does
not show any hints of the reproduction task influencing the 1-second production task (the numerical effects are in opposite direction as what we be expected), and the Bayesian analyses did not provide any reliable evidence for a
difference between the two order conditions. This indicates that the 1-second
estimations are immune to perturbations from the multi-duration reproduction
task used in this study.
To quantify the clock variability, we assessed the predictive power of different measures of variance. As the produced durations show clear drifts during
the 20 trials even though no feedback was provided, standard measures of variance that assume a fixed mean would overestimate clock variability. We therefore fitted a linear model to the produced duration of each individual, and
calculated a deviation measure by taking the root of the mean squared residuals
(RMSR) of this linear model. Obviously, it is not unlikely that the drift in
produced durations follows a more complex pattern than is captured by a simple
linear regression (see, for example, the discussions on short range dependencies
in Wagenmakers et al., 2004). However, fitting more complicated patterns
would quickly result in overfitting given the limited number of trials acquired
in this task. We therefore refrained from estimating more complex patterns.
When the different variability measures were contrasted, the linear-modelbased RMSR measure provided the best prediction of the central tendency
observed in a multi-duration production task. As variance is known to be linearly related to the length of the durations produced (scalar property see e.g.,
Gibbon et al., 1984), we also tested the predictive power of a model in which
we divided the RMSR by the produced durations. This scaled RMSR measure
outperformed the non-scaled RMSR variance measure, indicating that the
measured variance adhered to the scalar property. Bayesian models of time
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estimations (e.g., Jazayeri and Shadlen, 2010) have demonstrated that the perception of longer durations are reflected in wider likelihoods than those associated with shorter intervals. Here, we demonstrate that a similar effect can be
observed between participants: The higher the variance of participants’ performance during the 20 repeated 1-second productions, the more their reproduced
durations will be affected by the prior.
One potential caveat of this method is that the observed variance in the
1-second production task may be driven by motor noise, which would also
result in a stronger reliance on the prior in the reproduction task. This potential
convolution of motor and clock noise is a challenge in studies assessing clock
variability (see, for example, Cicchini et al., 2012, and Turgeon et al., 2016, for
discussion). If motor noise would be the driving factor, noise should be independent of produced durations, as all durations have the same motor action
(i.e., the keypress indicating the end of the interval). Conversely, if the observed
variability is driven by a noisy clock, the amount of variability should be directly
related to the length of the produced duration. As the variance measure that
accounts for produced length, the scaled RMSR, resulted in the best fit, we do
not find support for the notion that motor noise is driving the observed phenomena. Yet, a future study could independently measure a participant’s motor
noise to separately assess its contribution to the central tendency effect.
In this manuscript, we assess whether we can measure clock variance in a
short, 20-trial production task. This observed statistic predicts central tendency
in a multi-duration task, a phenomenon known to be dependent on clock variability. Another way to assess the reliability of the measured clock variability is
to compare the scaled RMSR measure with the Weber fraction, a measure
typically used when clock variability is estimated. However, as Weber fractions
are derived from paradigms that rely on memory representations learned during
the experimental session, the Weber fraction is indicative of the noisiness of the
whole temporal system (but note that experimental or pharmacological manipulations might allow separating both influences, e.g., Meck, 1983). Therefore,
it would be useful to determine Weber fractions based on paradigms that vary
in their reliance on memory processes to determine the consistency of estimated
clock variance statistics. At the same time, additional research is needed to relate
the here presented one-second production method to other established measured of clock variability.
To conclude, we have shown that just 20 trials of a 1-second production
task result in a reliable measure of clock variance. The observed variability adheres to the scalar property and predicts temporal performance observed in a
reproduction task. As no feedback is required, and memory processes are unlikely to play an important role in this paradigm, this clock variance measure
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can be used to disentangle the extent to which temporal behavior in a task is
driven by memory processes or clock deviations. With its fast and easy application, this task is suitable to be implemented in clinical and various developmental populations, even in attention-span limited participants. Hopefully, this task
can be a useful addition to the toolkit of researchers interested in unravelling
the locus of deviations found in temporal performance.
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Chapter 4
Timing when Memory is Lost

This chapter has been published as: Maaß, S. C., Riemer, M., Wolbers, T., &
Van Rijn, H. (2019). Timing deficiencies in amnestic Mild Cognitive Impairment: Disentangling clock and memory processes. Behavioural brain research, 373,
112110.
I thank Dr. Wenzel Glanz (Neurologist, DZNE Magdeburg) and his staff for
the help in recruiting aMCI patients.
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Abstract
Interval timing performance in cognitive decline is typically characterized by
decreased accuracy, precision, or both. One explanation for this decreased performance is a larger clock time variability. However, memory deficiencies associated with cognitive decline might also affect temporal performance in two
alternative ways: First, memory deficiencies could lead to reduced encoding of
just perceived durations, and thus a stronger reliance on the memory traces of
previous experiences (the “prior”), yielding less precise reproductions of the
most current experiences. Second, memory deficiencies could hamper the storage of perceived intervals, thus resulting in less influence of the prior. Here, we
present data of 15 patients with amnestic Mild Cognitive Impairment (aMCI)
and 44 healthy, aged controls, the latter split in two groups based on memory
performance. All participants were tested on a temporal production task to assess
clock time variability and a multi-duration reproduction task to assess the influence of memory traces reflecting current and previous experiences. Patients
with aMCI showed the strongest regression towards the mean in a multi-duration reproduction task, followed by low-performing healthy controls and highperforming healthy controls, respectively. As no difference was observed between the groups in terms of clock time variability, and clock variability did
not statistically contribute to the observed regression, this increased central tendency effect was not attributable to clock noise. We therefore, in line with the
first explanation, conclude that memory deficiencies result in a stronger (relative) reliance on the prior.
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Introduction
Time perception in humans is pivotal to behavior in a wide range of experimental tasks and real-world contexts. Well-functioning time perception in
the sub-second to seconds range is a prerequisite for basic perceptual mechanisms, ranging from perceiving moving objects to successful planning and execution of complex behaviors such as speech production (e.g., Kowel, 2009;
Breitenstein, Van Lancker, Daum, & Waters, 2001) and action sequences (e.g.,
Bortoletto & Cunnington, 2010). Given the importance of time perception for
general cognitive functioning, it is not surprising that it also has a crucial role
in clinical contexts, as seen for example in a number of neurodegenerative diseases that are partially characterized by affected timing (e.g., Parkinson’s disease:
Pastor, Artieda, Jahanshahi, & Obeso, 1992; O'Boyle, Freeman, & Cody, 1996;
Huntington’s disease: Wild-Wall, Willemssen, Falkenstein, & Beste, 2008;
Freeman et al., 1996; Alzheimer’s disease: Rueda & Schmitter-Edgecombe,
2009; Papagno, Allegra, & Cardaci, 2004; Carrasco, Guillem, & Redolat, 2000).
However, as timing is hypothesized to be the product of multiple underlying
processes, it is important to carefully discern which components are driving the
observed deviations (for discussion, see Paraskevoudi, Balcı, & Vatakis, 2018).
Here we assess whether interval timing is also affected in a population with
amnestic mild cognitive impairment when compared to age matched healthy
controls, and, if so, which underlying processes drive this effect.
Even though contemporary models of time estimation differ in terms of
the hypothesized underlying neural implementations, all dissect interval timing
into an internal time source (“clock”), memory components, and a decision
stage (e.g., Wearden, 2016; Matthews & Meck, 2016; Van Rijn, Gu, & Meck,
2014; Shi, Church, & Meck, 2013, Mauk & Buonomano, 2004). Note that the
internal time source was traditionally hypothesized to be analogous to a stopwatch that could be explicitly started, paused, and stopped, but most current
theories rather assume a neural substrate that predictably changes over time (c.f.,
Karmarkar & Buonomano, 2007). Irrespective of the instantiation, the internal
time source represents an internal “clock” as it provides information about the
passing of time to other components of the cognitive system. The memory
components are typically subdivided into a temporary memory store that contains a representation of the current or the most recently perceived duration
(“working memory”), and a long-term memory store in which previous duration representations are stored (“reference memory”). Even though decision
criteria play an important role in timing processes (see, for a model in which
timing is instantiated as a decision process, Balcı & Simen, 2016), here we
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assume – as in common in the interval timing literature – that the main source
of variability in simple timing tasks is associated with the clock and memory
stages.
Given the prominent role of memory in time perception (Van Rijn,
2018) and specifically the implicated necessity of working memory and episodic
memory in temporal performance (Kinsbourne & Hicks, 1990; Mimura, Kinsbourne, & O’Conner, 2000; Schmitter-Edgecombe & Rueda, 2008) we chose
to test a population marked by an isolated episodic memory deficit. These deficits in episodic memory are highly salient markers of developing dementia and
Alzheimer’s disease, affecting both short- and long-term memory. These markers are critical in the identification of early stages of developing dementia, with
impaired performance on memory recall tasks being defined as a hallmark of
the development of Alzheimer’s disease (Fillenbaum et al., 2008). A precursor
to dementia and AD is Mild Cognitive Impairment (MCI), an intermediate
clinical state between normal cognitive decline due to aging and dementia.
Within the MCI population, amnestic MCI (aMCI) individuals form a subgroup that is primarily marked by poor performance on neuropsychological
tests of episodic memory. Thus, aMCI individuals constitute a well suited population for the study of affected time perception that is specifically caused by
memory deficits.
Interestingly, a prominent view in the literature posits that timing deficits
related to cognitive decline, in both healthy and pathologically aged populations, are driven by changes in the clock. These changes either result in a decreased accuracy or a slowing-down (e.g., Nichelli, Venneri, Molinari, Tevani,
& Grafman, 1993; Wearden, Wearden, & Rabbitt, 1997; Malapani et al., 1998;
Caselli, Iaboli, & Nichelli, 2008; Gooch, Stern, & Rakitin, 2009; Rueda &
Schmitter-Edgecombe, 2009; Wild-Wall, Willemssen, & Falkenstein, 2009;
Turgeon & Wing 2012, for an extensive review, see Paraskevoudi et al., 2018).
However, as discussed in Paraskevoudi et al. (2018), previous research in this
field is typically based on paradigms such as bisection or reproduction tasks, that
involve both clock and memory components (see also Maaß & Van Rijn, 2018).
As these paradigms lack the sensitivity to discern between deficits in clock and
memory functions, it is difficult or even impossible to disentangle the relative
roles of both processes (see, for example, Rueda & Schmitter-Edgecomb,
2009).
Thus, to understand how these neurodegenerative diseases, specifically
the memory deficits observed in aMCI, compromise timing processes, it is essential to assess whether clock or memory deficiencies are the source of changes
in timing behavior. Here we present a study which aims to disentangle the role
of clock variance and temporal memory processes in aMCI patients by assessing
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the accuracy of the clock and the influence of memory processes on interval
timing separately using two paradigms.
The first paradigm entailed a production task in which subjects were asked
to terminate a tone by a button-press after one second had passed (Maaß & Van
Rijn, 2018). As this task uses a highly entrained interval, it is hypothesized that
memory updating plays little or no role in the observed performance, which
means that the observed variance is a clean assessment of clock noise. The second paradigm consisted of a time reproduction task composed of three different
intervals. Typically, in tasks using multiple intervals, a regression towards the
mean or central-tendency effect can be observed, with shorter and longer durations systematically biased towards the mean of the presented intervals. This
memory phenomenon is highly robust (e.g., Lejeune & Wearden, 2009; Maaß,
Schlichting, & Van Rijn, submitted), and is observed in a large number of domains characterized by noisy, continuous measures (e.g., distance reproduction
tasks, Wiener, Michaelis, & Thompson, 2016; distance and angle estimation,
Petzschner, Glasauer, & Stephan, 2015; object size recognition, Hollingworth,
1910).
This central-tendency effect can be described in terms of Bayesian inference in which the perceived duration (referred to as the likelihood) is integrated
with previously perceived intervals that are stored in the reference memory (the
prior) (Jazayeri & Shadlen, 2010; Shi et al., 2013). When the likelihood is narrow, reflecting a very accurately perceived duration, the influence of the prior
will be small, resulting in less central tendency and vice versa. For example, in
highly trained professional musicians, such as percussionists, auditory durations
are reproduced to perfection, indicative of a peaked likelihood during perception, resulting in a relatively small influence of the prior (Cicchini et al., 2012).
Similarly, a number of studies have demonstrated that phenomena such as the
intrinsic noisiness of the clock as a function of interval length (i.e., the scalar
property, see Jazayeri & Shadlen, 2010), or externally manipulated noise in interval timing tasks (audio vs. visual intervals, Penney, Gibbon, & Meck., 2000)
are well captured by assuming a more uncertain, thus wider likelihood for noisier measurements. Because of the wide likelihood, the prior takes precedence,
reflecting a strong reliance on prior memories of similar intervals (see Figure 1,
left panel, and, for a simulation demonstrating these effects, https://vanrijn.shinyapps.io/MaassVanMaanenVanRijn2019/). A similar pattern of effects
can be observed when a non-uniform prior (cf. Cicchini et al., 2012; also see
Wiener, Michaelis, & Thompson, 2016) is used, and one assumes that priors
can differ in the second central moment. For example, when a fairly narrow
prior is assumed, a relatively strong central tendency will be observed (see right
panel of Figure 1), and vice versa, when a broad prior is assumed, the posterior
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will be more similar to the likelihood, resulting in a smaller central tendency
effect.
In terms of this Bayesian framework, temporal performance of clinical
populations (e.g., PD: Harrington, Haaland, & Hermanowitz, 1998; Malapani
et al., 1998; AD: Nichelli et al. 1993; Caselli et al., 2008) that are assumed to
be associated with an increased clock noise should be characterized by a wider
likelihood, and thus a stronger reliance on the prior. However, if a clinical
population is marked by memory deficits, an open question is how this deficit
influences the integration of the likelihood and the prior. That is, memory deficits could either lead to a less accurate representation of the perceived interval
(i.e., a wide likelihood), yielding a relatively strong influence of the prior, and
thus a strong central tendency effect. However, as the prior is assumed to be
based on a representation of previously perceived durations, one could also assume that memory deficits prevent the construction of an accurate prior. As this
would result in the construction of a very wide, uninformative prior, the likelihood is less affected by previous experiences, and thus a highly reduced central
tendency effect is expected. Thus, depending on the locus of the impact of the
memory deficiency, we either expected a stronger central tendency effect (in
case the likelihood is less effectively retained) or a weaker central tendency effect (in case an uninformative prior is formed).
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Figure 1. Schematic representation of Bayesian Inference in interval timing. The left column
depicts, from top to bottom, how the width of the likelihood determines the magnitude of the
central tendency effect, and the right column depicts how a similar effect can be obtained manipulating the width of the prior. In both columns, the top figure depicts the likelihoods associated
with perceived short (1.27s) or long (1.58s) durations. The second row depicts the prior, either an
uniform prior (left, cf. Jazayeri & Shadlen, 2010), or a Gaussian prior (right, cf. Cicchini et al.,
2012). The third row depicts the posterior, the integration of likelihood and prior with the dots
reflecting the mean of the distribution, which is the resulting estimate. The fourth column shows
the resulting central tendency effects. In the left column, the light blue lines reflect a rather narrow
likelihood distribution, representing a fairly accurate internal clock. The dark blue lines represent a
more noisy clock, resulting a stronger central tendency effect. In the right column, the yellow lines
represent a wide, and thus uninformative prior, resulting in a relatively small adjustment of the
original likelihood. The orange lines represent a more constrained prior, resulting in larger adjustments, and thus a larger central tendency effect.
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With this study, we addressed two main questions. First, we aimed to
assess the role of clock variability in time perception in an aged population, and
especially whether clock variance is increased in an aged clinical population
marked by memory deficits. Second, we assessed which memory aspect involved in time reproduction is affected in a memory impaired population,
providing both insight in the memory mechanisms underlying interval timing
and more insight in the memory deficiencies associated with cognitive decline.

Methods
Participants & Exclusion Criteria
Fifteen subjects with the diagnosis of amnestic Mild-Cognitive Impairment (aged 58-81, M= 72.9, SD=6.4; seven females) as well as 44 healthy aged
controls (aged 60-84, M= 72.2, SD=5.1; 24 females) completed the experiment
at the German Center of Neurodegenerative Diseases (DZNE Magdeburg,
Germany) for a monetary reward. The patient group was clinically assessed at
the memory clinic of the DZNE by means of their medical history, a psychiatric
and neurological examination and neuropsychological testing. All subjects gave
written informed consent to participate in the experimental protocol, approved
by the local ethics committee. The data of three participants (two of them aMCI
individuals) were removed due to not following or not being able to follow
task instructions. Outlier threshold were set at 500 and 2500ms, trials exceeding
these criteria were removed from further analysis. Three participants (all aMCI
individuals) were removed from further analyses as more than 25% of all their
trials had to be excluded. These criteria resulted in 1.2% removed data for the
remaining participants. One participant misunderstood the instructions during
the first block of the reproduction experiment, and all responses during that
block were excluded, yielding a total of 1.6% of excluded cases. The remaining
data set consisted of 10 aMCI individuals (aged 58-81, Mage = 72.9, SDage = 7.7;
five females) and 43 healthy controls (aged 60-84, Mage = 72.0, SDage = 5.1; 23
females).

Apparatus
A MacBook Pro (13”, 2011) controlled all experimental events. Auditory
stimuli were presented through headphones (Sennheiser, HD280 Pro), with
volume adjusted to comfortable levels, as determined by the participant. The
experiment was programmed using Psychtoolbox-3 (Brainard, 1997; Pelli,
1997; Kleiner et al., 2007) in Matlab R2014b.
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Procedure
The first paradigm of the experiment, the 1-second production task, consisted of 20 trials. Each trial commenced with an intertrial interval (ITI) with
the presentation of a fixation cross “+” for a random duration between 2 and 3
seconds sampled from a uniform distribution. Then a “?” appeared on the
screen and simultaneously a 440 Hz pure tone started. The task was to end this
tone by pressing a button (SPACE) after one second had passed. Participants
were instructed not to count, an instruction that has been shown to prevent
influences of chronometric counting (Rattat & Droit-Volet, 2012), or to keep
track of time in any other way (e.g., tapping).
The second paradigm, the interval reproduction task, consisted of four
blocks of 30 trials each. Each trial consisted of a duration perception phase and
a duration reproduction phase. The durations presented were 1.17, 1.4 or 1.68
seconds. Each trial commenced with an ITI of a random duration between 2
and 3 seconds sampled from a uniform distribution during which a fixation cross
(“+”) was presented in the center of the screen. Then a “!” appeared on the
screen for 700ms to prepare the subjects for the perception phase. Following
this, the perception phase of the trial started in which a 440 Hz pure tone was
presented for the duration associated with the current trial. Within each block
of 30 trials, all 3 durations were presented 10 times, in random order. After
completion of the tone, an inter stimulus interval (ISI) of 1.5 seconds was presented with a “?” displayed on screen. Then another 440 Hz pure tone was
started. The task was to press the spacebar when the duration presented in the
perception phase had passed.

Figure 2. Graphical depiction of the second experimental paradigm of the experiment.

Cognitive Assessment
To assess general cognitive functions, all participants completed the Montreal Cognitive Assessment (MoCA, Nasreddine et al., 2005). This tool covers
a variety of cognitive functions, including visuospatial abilities, language tasks,
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memory functioning, and attention. The MoCA scores were used as a covariate
to partial out general cognitive decline. For the assessment of memory functioning, we administered a subset of the test battery developed by the Consortium to Establish a Registry for Alzheimer’s Disease (CERAD, Morris et al.,
1989). The CERAD is a diagnostic tool to evaluate cognitive functioning in
individuals at risk of developing AD or other milder forms of cognitive decline.
As this study's aim was specifically to investigate memory functioning, and as
recall memory is said to be the key factor in identifying early onset dementia
(Hankee et al., 2016; Fillenbaum et al., 2008), only the word list task (learning,
recall, recognition) of the CERAD test battery was administered.

Statistical Analysis
The data and all analyses and results can be found at
https://osf.io/9xzwn/. As we are interested in comparing performance between healthy controls and participants diagnosed with aMCI, it is of equal
importance to be able to assess the reliability of similarities and differences between subgroups. We therefore primarily report Bayesian analyses, as Bayes factors provide a more straightforward interpretation of the likelihood of the
presence or absence of differences between groups than traditional analyses. All
analyses were performed with the R package BayesFactor (version 0.9.12-4.2;
Morey & Rouder, 2018) using the default prior settings, and were interpreted
based on the guidelines provided by Jeffreys (1961, as adapted by Lee &
Wagenmakers, 2014). The reported Bayes factors summarize the extent to
which an observer’s opinion of the tested variable should change based on the
data. Bayes factors of 1 are inconclusive, as it indicates that there is equal evidence for the hypothesis that the variable does have an influence, as there is for
the hypothesis that it does not have an influence. Bayes factors larger than 1
represent evidence for the alternative hypothesis of an influence of the tested
independent variable on the dependent variable, and Bayes factors less than 1
represent evidence for the null hypothesis of no effect of the tested variable. For
the correlation analyses, we report Bayes factors based on Jeffreys (1961) test for
linear correlation (see Ly, Verhagen, & Wagenmakers, 2015). For the Bayesian
linear mixed effect models, we built models predicting centered estimated duration by the entered effects, including participant as random factor. We then
assessed the factor of interest by comparing the Bayes factor of the model including the factor with the Bayes factor associated with a model omitting this
factor. To facilitate interpretation, we invert Bayes factors below 1 and describe
in the text whether the Bayes factor is evidence for inclusion or exclusion of
the factor. This way, all reported Bayes factors express the evidence for presence
or absence of an effect as values progressively greater than 1.
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Results
Questionnaire Data
The average score on the MoCA test was 25.7, out of a maximum of 30,
with the participants earlier diagnosed with aMCI scoring 23.2, and the healthy
controls 26.3. The left panel of Figure 3 depicts the score on the CERAD
delayed word recall task as a function of age, with the larger circles representing
participants diagnosed with aMCI, and color coding for participants passing or
failing the CERAD word list criterion. The CERAD threshold is based on the
age of the participants, but also takes educational background and sex into account. As a relatively large number of healthy controls failed the CERAD recall
criterion, we decided to split the healthy control group based on meeting the
CERAD criterion into a controlspassed (N = 25, aged 60-85, Mage = 72.0, SDsge
= 5.1, 12 female) and a controlsfailed (N = 18, aged 60-84, Mage = 72.1, SDage =
5.6, 11 female) subgroup. Even though the controlsfailed subgroup has no clinical
indication of memory deficiencies, the score on the CERAD test suggests that
their memory-related performance should be either similar to the aMCI subgroup, or be in between the aMCI and controlspassed. The right panel of Figure
3 depicts the MoCA scores as a function of age, with the dashed line depicting
cut-off score, with equal color coding as the left panel. Note that the MoCA
score is corrected for years of education, but not for age. Interestingly, one (out
of 10) of the aMCI participants scored above the MoCA threshold of 25 points,
and 14 (out of 43) of the controls scored below the threshold. Even though this
could suggest that the aMCI status of some of the participants in the "healthy"
control group might need to be re-evaluated, more extensive tests would be
necessary before these participants could be categorized as clinically amnesic.
We therefore opted for following the aMCI categorization based on the more
extensive test battery conducted at the memory clinic, but have split the healthy
control group into a subgroup passing and failing a memory test (see below).
Results of the Bayesian correlation indicate very strong evidence (BF = 52.75)
in favor of a positive moderate association between MoCA and CERAD recall
scores (r = 0.42, MAD = 0.12, 90% CI [0.21, 0.62]). In all subsequent analyses,
we will cluster performance based on aMCI status, and for the healthy controls,
on whether they passed the CERAD Word Recall threshold.
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Figure 3. The left panel plots the CERAD Word Recall score against age in years. Green
circles depict participants passing the CERAD threshold, and blue circles represent participants
failing this threshold. Larger circles represent participants diagnosed with aMCI. The green smaller
circles represent the controlspassed subgroup, the blue smaller circles the controlspassed subgroup. The
right panel depicts the MoCA score as a function of age, with the dashed line representing the
threshold. Data points for both panels are slightly jittered for presentation purposes.

Assessing Clock Variability
Clock variability was assessed by the 1-second production task. As no
feedback was given, the average reproduced durations provide an index of the
accuracy of the internal representation of 1 second. The first 4 trials were considered start-up trials, and were removed from further analyses. For the aMCI
group, average production was .72 seconds (SD = .37), for controlsfailed 1.07
seconds (SD = 1.07), and .79 seconds (SD = .43) for controlspassed. The Bayesian
analysis was inconclusive, resulting in anecdotal evidence (BF = 1.65, ±0.03%)
for group predicting estimated duration. Addition of age as covariate however,
entered both as main effect and as interaction with group, did provide moderate
evidence for group predicting estimated duration (BF = 3.75, ±0.90%). Inspection of the posteriors indicated that this was driven by small positive effects of
age in the aMCI and controlsfailed (both estimated at .01), and a small negative
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effect of age in the controlspassed group (-.02). Given the main effect of age (.01),
this means that in the two memory affected groups age had a positive effect on
CERAD score, whereas in the unaffected memory group increasing age is correlated with decreasing CERAD scores. Even though a number of explanations
are possible for these patterns of results (e.g., selection effects for the affected
groups and a standard age-memory decline effect for the healthy controls), any
evidence for age having an effect on CERAD scores in the separate subgroups
remained anecdotal (BFs < 2.13). However, the variance associated with the
estimated durations is the measure of interest instead of the estimated duration
itself, as the purpose of this part of the experiment is to estimate clock variability
while excluding memory dynamics as much as possible. For this purpose, we
assessed clock time variability based on the root mean squared residuals from a
linear trend estimated per participant, a method outlined in Maaß and Van Rijn
(2018). Figure 4 depicts three violin plots, one for the participants diagnosed
with aMCI, and one for both controlsfailed and controlspassed. As can be seen in
these violin plots, each group contains a number of clearly outlying participants,
but the majority of data is clustered around a Root Mean Square Residual
(RMSR, a measure of variance, see Maaß and Van Rijn (2018) for more details)
of approximately .15. The barplot inset in Figure 4 demonstrates that there is
little effect of group on RMSR, with any qualitative trend suggesting that the
participants classified as more memory affected show a smaller RMSR. However, we failed to find any evidence in favor of clock variance being influenced
by memory status as a Bayesian linear regression analyses provided moderate
evidence against RMSR being predicted by membership of either aMCI, controlsfailed or controlspassed (BF = 5.56, ±0.03%, with similar results when aMCIs
are compared to all healthy controls, BF = 3.44, ±0%). Adding age as covariate
did not affect the pattern of results, as we again found moderate evidence against
RMSR being predicted by group (BF = 5.67, ±1.33%).
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Figure 4. Violin plots depicting observed deviation expressed in root mean square residuals from
a linear fit estimated per participant, and the resulting continuous distribution plotted per participant
group. Inset depicts mean deviation with error bars representing standard errors of the mean with
the within-participants Cousineau-Morey correction applied.

Multi-Duration Reproduction Task
The data of the multi-duration reproduction task is graphically depicted
in Figure 5. The amnestic MCI group, depicted by the red line, shows the
strongest central tendency, followed by the healthy controls that failed to reach
the recall criterium of the CERAD (controlsfailed, blue line). The healthy controls that passed the recall criterium of the CERAD (controlspassed, green line)
demonstrate the smallest central tendency. For the analyses of these data, we
centered both presented and reproduced duration by subtracting 1.4 seconds
from the presented and reproduced durations. As a baseline model, we fitted a
Bayesian linear effect model, with participant as random factor, predicting centered estimated duration by centered presented duration. Evidence in favor of
this model was decisive when compared to a model just including an intercept
(BF = 3.4 x 10862 ±2.95%). Critically, comparing this model to a model that
also included group as main effect and interaction term with presented duration
(aMCI, controlspassed and controlsfailed) provided decisive evidence in favor of the
more complex model (BF = 1.6 x 1014 ±5.46%), providing evidence for the
lines in Figure 5 having different slopes. None of the tested additional models
were preferred over the model including centered duration and group (i.e.,
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decisive evidence against removing the interaction between group and duration: BF=9.8 x 1014 ±10.46%, against contrasting aMCI with all healthy controls BF=119.46 ±16.5%, and against adding age as predictor BF = 1.6 x 105
±7.45%). To summarize, in a Bayesian model comparison the model in which
the three different groups are associated with different central tendency effects
was clearly preferred (the overall effect of centered duration is estimated at .66,
with additional interactions with aMCI of -.18, with controlsfailed of .04, and
with controlspassed of .15).
To assess the influence of clock variance on the amount of central tendency, we also added the RMSR to the preferred model. Decisive evidence
was found against including it both as a main effect and in interaction between
group (BF = 733.4 ±2.39%), but moderate evidence was found in favor of
adding it just as a main effect (BF = 3.30 ±5.18%). Indeed, decisive evidence
was obtained against an interaction between clock time variance and the different subpopulations (BF = 2962.5 ±7.95) for the central tendency effect.
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Figure 5. Reproduced durations as a function of presented duration, plotted staggered on the
horizontal axis and plotted separately for the three different participant groups. Error bars are standard errors of the mean with the within-participants Cousineau-Morey correction applied.

The above reported analyses assess the existing and strength of the central
tendency effect per condition. However, these analyses do not take into account the previous durations. Given that the central tendency effect is assumed
to be driven by the memory representations of the previous trials, one would
expect that including the previously seen durations improves the model fit (Shi
et al., 2013; Van Rijn, 2016). Indeed, extending the above-identified best
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fitting model with the reproduced duration associated with the previous trial,
the two previous, and three previous trials was warranted (note that the first 3
trials of each block were excluded, BF01 = 7.88x1025 ±25.31%, 1.85x1011
±7.95%, 6.54x106 ±9.06% respectively, BFs reflect the model’s preference
when compared to the most complex simpler model). Interestingly, the influence of these previous durations was modulated by participant group, as a model
that includes interactions between the previous two durations and participant
group was most likely given the data (BF01 for the interaction with just the
previous duration: 56.24 ±10.19%, with previous two durations: 6.41 ±10.6%,
with previous three durations: 0.0072 ±10.83%, all compared to the most complex simpler model). Figure 6 depicts the estimated weights for the previous
trials for the three conditions. The order of the conditions is similar to the
magnitude of the central tendency effect depicted in Figure 5. These results
suggest that the influence exerted by recent observations is a function of the
level of memory dysfunction, but that the differential influence is reduced for
later trials.

1

2
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th

n trial back

Figure 6. Linear-mixed effect model-based estimate of the influence of the previous trial’s
reproduced duration on the current duration (as conceptualized by the posterior distribution
sampled estimates) per participant group. Grey dashed line depicts the main effect when group
effects are not taken into account, the colored lines depict the three participant groups.

Discussion
This study addressed two main questions: First, we assessed whether clock
variance, measured in a paradigm that minimizes the reliance on memory, is
increased in an aged clinical population marked by memory deficits. The results
suggest that neither age nor clinical status influenced clock time variability.
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Second, we assessed whether and how the memory deficiencies associated with
aMCI affect in what way the current sensory experience and earlier experiences
stored in memory are integrated. The results indicate that aMCI patients more
strongly weigh prior experiences than healthy, age-matched controls, resulting
in stronger central tendency effects. Interestingly, this pattern of results was also
visible in the control sample, as splitting the healthy controls based on recall test
scores revealed a similar pattern: the healthy controls with poorer memory performance displayed a stronger reliance on previous presented durations than the
controls with better memory performance. As the temporal production variability was similar among all groups, these effects cannot be easily explained by
higher clock variance.
The observed evidence against clinical status determining clock variance
contrasts earlier reports in which populations characterized by cognitive decline
(ranging from decline present in healthy aging to neurodegenerative diseases)
have been associated with increased clock variance (e.g. Nichelli et al., 1993;
Wearden et al., 1997; Malapani et al., 1998; Caselli et al., 2008; Gooch et al.,
2009; Rueda & Schmitter-Edgecombe, 2009; Wild-Wall et al., 2009; Turgeon
& Wing 2012). Interestingly, we also found no evidence for increased clock
variance as a function of age in our sample of 58 to 84 year old participants.
One potential explanation is that the majority of the earlier studies have assessed
clock variance utilizing bisection tasks or discrimination tasks (e.g. Wearden et
al., 1997; Cicchini et al., 2012; Karaminis et al., 2016). These tasks require
accurate memory functioning and comparison mechanisms: either for the comparison of the two extreme durations in the case of the bisection paradigm, or
for encoding and retrieving the standard duration in discrimination tasks. These
studies potentially confound processes related to memory functioning with
clock variance, making it difficult to distinguish whether variances in observed
accuracy are due to increased clock variance or deficient memory functions.
The importance of memory updating during temporal production tasks is evident when comparing two separate studies that either presented or withheld
feedback during a temporal reproduction task. Wild-Wall et al. (2009) asked
participants to repeatedly produce a 1.2 second duration and encouraged participants to use feedback for improving temporal response accuracy. Their results provided evidence in favor of a decline in temporal performance in an
aged population. On the other hand, when Rammsayer (2001) asked participants to repeatedly produce a 1 second duration without feedback, age did not
affect performance, suggesting that age affects the processing or encoding of the
feedback, instead of the clock. We therefore propose that clock variability, especially in clinical populations associated with (amnesic) cognitive decline,
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should be assessed using paradigms devoid of memory components (e.g., learning standard durations, incorporating feedback, etc.).
The observed negative correlation between the magnitude of the central
tendency effect and memory functioning might be considered paradoxical as it
implies that with decreasing memory functioning, the prior - which can be seen
as the memory for previously perceived stimuli - has stronger influence on subsequent performance. Interestingly, the increased effect was also observable
when splitting the healthy controls by memory recall test score, with those having failed the memory recall test displaying a greater central tendency effect.
The central tendency effect can be observed in a multifold of perceptual processes encompassing the judgment of quantities. It is a flexible process in which,
depending on the noisiness of the sensory input, prior knowledge is integrated
to improve performance in conditions where perceived estimates are imprecise.
This can be captured in Bayesian inference by assuming that with a broader
likelihood (i.e., noisy sensory input), more weight is given to the prior (see
Figure 1). This interplay leads to a trade-off between accuracy and reliability.
Our previous research has shown that in young healthy adults the clock variance, and thus noisiness of the sensory input, derived from a 1-second production task predicts the strength of central tendency in a multi-duration
reproduction task, with higher variance leading to larger influence of the prior
durations (Maaß & Van Rijn, 2018). However, given the hypothesized role of
the memory system in multi-duration reproduction tasks and the specific populations tested, we expected notable effects of memory status, and either no or
relatively small effects of clock noise on central tendency magnitude. Indeed,
the magnitude of the observed central tendency differed for the three groups of
participants, whereas no relation was observed between clock noise and central
tendency measures. This implies that the strong central tendency effect observed
in memory impaired individuals is driven by processes specifically related to
memory functioning in either the temporary (working) memory or long-term
(reference) memory. Impairment of the latter would mean that durations are
not stored in reference memory. Because reference memory is essential for the
development of a prior, impairment of the reference memory system should
lead to smaller or non-existent central tendency effects. Our data clearly show
central tendency effects in aMCI individuals, meaning that they develop a prior
and thus intact long-term storage. Moreover, the individual traces of earlier
presented durations must also be intact as in addition to an overall central tendency effect, there is a noted influence of previous trials on the current trial, an
effect especially pronounced in the aMCI individuals (see Figure 6). Yet, these
results suggest that the representation in short term memory exerts less influence
on the reproduced durations in memory affected groups, which might be
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caused by losing reference to the most recently perceived duration (cf., Das et
al., 2015; Moran et al., 2014). Due to this impoverished access to the representation, the earlier stored traces will exert a stronger effect, resulting in a stronger
central tendency effect. Note that this explanation requires a more refined representation of the recent experiences than is accounted for in Bayesian observer
models that model the prior by a single distribution (e.g., Jazayeri & Shadlen,
2010, Cicchini et al., 2012). However, earlier work (e.g., Dyjas, Bausenhart, &
Ulrich, 2012; Di Luca & Rhodes, 2016) has demonstrated that Kalman-filter
based models can account for similar effects as the summary models (see also
Shi et al., 2013; Van Rijn, 2016) while retaining access to recently observed
durations. These models can therefore be extended to account for the proposed
effects.
In terms of the rationale depicted in Figure 1, this would not so much
suggest a change in the width of either the likelihood or prior distributions, but
instead a different, lower weighing of the relative contribution of the likelihood
as a function of memory deficiencies. This could be implemented by assuming
a multiplication factor scaling the distributions for the likelihood, with values
smaller than 1 indicating a reduced contribution of the stimulus-driven likelihood. In principle, it should be possible to fit the Bayesian model to the performance of individual participants, and derive indices for this scaling factor, the
precision of the likelihood, and of the prior. However, even though these indices carry different theoretical interpretations, their behavioral signature is
largely identical: an increased central tendency effect with only subtle differences associated with each index. It will therefore be necessary to validate this
modeling approach by constraining or cross-validating the model on the basis
of additional data, for example a precise behavioral memory index (e.g., Sense,
Behrens, Meijer, & Van Rijn, 2018), neurobiological markers of memory
(dys)function or deficiencies such as Tau pathology (Braak & delTreidici, 2015),
and measures of clock variability such as the 1-second production task (Maaß
& Van Rijn, 2018).
Another potential neurobiological marker is acetylcholine (ACh) as neurophysiological studies in animals have demonstrated that decreased ACh levels
are correlated with decreased thalamocortical synaptic transmission, relative to
intracortical synaptic transmission (for a review, see Hasselmo, 2006). As
thalamocortical connections drive stimulus-driven processing, lower ACh levels
reduce the influence of incoming sensory information (Moran et al., 2013).
Even though existing studies have primarily focused on the transmission of information of visual or auditory nature, the thalamocortical link suggests that this
information has already been processed by the earlier sensory processing, suggesting that the influence of temporal percepts is also affected by ACh levels.
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Interestingly, ACh levels are reduced in Alzheimer and MCI, and correlate with
the severity of clinical symptoms (Sabri et al., 2008). Taken together, these results suggest that ACh levels directly map onto the relative weighing of the
likelihood over the prior, explaining the stronger central tendency effects.
In sum, we demonstrate that the central tendency effects observed in an
interval timing task correlate with the severity of memory dysfunctions in a preclinical and a healthy aged sample. As the reproduction task is easy to administer
and be administered repeatedly without learning effects, this task could potentially be a useful measure of memory functioning, especially addressing the efficacy of the thalamocortical connections in behavior guided by incoming
information.
To conclude, we have presented a method to disentangle the influence of
noise in temporal resolution from memory functioning in timing behaviors by
assessing clock variance and memory-driven central tendency effects with two
separate tasks. We have shown that the clock variance does not increase as a
function of memory impairment in aMCI individuals compared to healthy aged
participants. Instead, we found that the amount of central tendency is driven by
memory impairment. This suggests that in this population the central tendency
process is not used as a heuristic to compensate for a lack of accuracy, but that
a loss of the individual trace of the current interval leads to an estimate that is
heavily influenced by the prior. We therefore conclude that short-term
memory is the affected component in clinical populations with memory deficits,
as the results are best explained by the assumption that these subpopulations
have difficulty keeping the current interval available. As these effects are already
observable in participants who score lower on traditional memory tests, but
have not been diagnosed as aMCI, the reproduction task has the potential to
serve as a continuous measure of memory performance, in both clinical and
pre-clinical populations.
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Chapter 5
Timing with Aging Memory

This chapter is based on unpublished data collected in collaboration with Martin Riemer at the DZNE Magdeburg. The method and results sections are
taken from Maaß, S. C., Wolbers, T., Van Rijn, H., & Riemer, R. (submitted).
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Background
Bayesian optimization posits that behavior is best described by assuming
that performance on a particular trial is driven by a combination of information
collected during that trial itself (the likelihood) and information collected on
previous trials (the prior). In the previous chapter, we presented evidence that
Mild Cognitive Impairment patients, diagnosed with affected memory functioning, rely stronger on the prior than healthy controls. This paradoxical finding - as memory patients seem to rely more on memory - can be explained by
assuming that memory affected individuals optimize their performance by relying less on the potentially brittle memory trace representing the current trial,
but instead rely more on the more stable representation that is built up over
multiple previous trials. The initial goal of that study was to compare clinically
diagnosed memory patients with a control group of healthy participants. However, evaluation of the memory performance of the control group showed that
a number of non-diagnosed participants also scored below the cut-off criteria
for well-established clinical memory tests. We therefore categorized the healthy
controls participant group into a controlsfailed and a controlspass group, and
demonstrated that a similar behavioral difference could be observed between
these groups as between the clinically affected and healthy control group. However, as this categorization was post-hoc, we intended to replicate this observation in another sample of healthy aged participants, that is, in participants who
have not been diagnosed with and do not self-report any memory deficiencies.
Following the study reported in Chapter 4, Riemer collected data comparing the context effect (1) when elicited by more realistic versus more abstract
stimuli, and (2) testing the observed context effects in different context regimes.
For the former question, durations were either presented as the duration of an
illuminated window in a street scene, or a color change of an abstract shape.
For the latter question, a partially overlapping set of shorter or longer durations
was either presented in isolation, or was presented in a mixed design in which
each set was presented by means of a stimulus either on the left or the right side
of the screen. As this work was initially set up as an independent research line
instead of a direct replication, it deviates slightly from the experimental protocol
used in Chapter 4. Most notably, this study did not contain an independent
measure of clock variability (i.e., the 1-second task, see Chapters 3 and 4).
However, the data collected do allow for evaluation of the conclusions of
Chapter 4 that memory functioning determines the reliance on the prior, also
in healthy aged participants.
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Methods
Participants and Measures of Memory Functioning
Forty participants (all above 65 years old) were recruited from the local
community in Magdeburg, Germany, by means of public advertisements in local newspapers. All participants were invited to the DZNE building at the University Hospital Magdeburg, and tested individually. Cognitive functioning,
focusing on memory skills, was assessed with a delayed word recall task (identical to the word list recall task of the CERAD test battery, but with the default
ten words replaced by words matching in complexity; Fillenbaum et al., 2008;
Morris et al., 1989), and the Montreal Cognitive Assessment survey (MoCA,
alternative version three; Nasreddine et al., 2005). Word recall scores ranged
from 3 to 10, with a mean of 6.6 correct responses. However, to account for
differences associated with education, age, and sex, word recall scores will be
expressed as a distance to the standard score for education, age, and sex. Scores
on this distance measure ranged from -2.4 to 5.95, with a mean of 1.7 (8 participants below the cutoff). Based on an education-corrected MoCA cut-off
criterion of 26 (Nasreddine et al., 2005), participants were assigned to a group
with few or no cognitive deficits (11 females, 12 males; mean age 69.6 years,
ranging from 65 to 75, MoCA score > 25) and a group that just failed this
threshold (9 females, 8 males; mean age 69.5 years, ranging from 65 to 80, mean
MoCA score 23.0, ranging from 17 to 25, SD=2.1).
One participant completed only half of the experiment and was removed
from further analyses. Participants received monetary compensation and gave
written informed consent to the experimental protocol that was approved by
the DZNE ethics committee.

Task and Stimuli
Participants were seated in front of a computer monitor and saw a visual
scene depicting the front of a house (Figure 1a) or an abstract frame on grey
background (Figure 1b). In each trial, either the left or the right window (or
left or right panel of the frame) was illuminated for a specific duration, and then
turned dark again. Participants were asked to register the duration of the illumination. After an inter-stimulus interval of one second, an orange frame appeared around the visual scene / grey background to indicate that participants
could initiate the reproduction by pressing the spacebar for the just perceived
duration. The experiment consisted of two parts (see Table 1), repeated twice,
once using the realistic scene and once using the abstract stimuli, the order of
which was counterbalanced over participants. In the first part, participants were
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either first presented durations sampled from a short context (1066, 1600, and
2400 ms), followed by durations sampled from a long context (2400, 3600 and
5400 ms), or vice versa. The short and long contexts were associated to either
the left or the right stimulus. Both context order and association to a stimulus
side were counterbalanced over participants. In the second part, presented durations were randomly sampled from both contexts, yet each context was still
associated with the same stimulus side. The first part will be referred to as the
separate context blocks, whereas the second part will be referred to as the mixed
context block. Note that both contexts contain a standard duration of 2400 ms
on which the analyses will focus. In the separate context blocks, each duration
was presented 5 times for a total of 15 trials. In the mixed context block, the
2400 ms duration was presented 2 x 5 times, whereas the other durations were
presented 5 times, matching the number of presentations in the separate context
blocks. Durations were presented in pseudo-random order as, to ensure a sufficiently established context, the standard duration was not presented before the
5th or 9th trial in the separate / mixed blocks respectively.
Before the start of the experiment proper, participants performed practice
trials that included performance-based feedback provided by the experimenter,
until the task was deemed to be sufficiently understood. No feedback was provided during experimental trials. Participants were instructed to refrain from
chronometric counting.
Table 1. Experimental Design. Note that context regime (separate/mixed), stimulus type (abstract/realistic) and location (left or right) was counterbalanced across participants.
Part 1
(context regime separate)

Part 2
(context regime mixed)

Stimulus type
realistic

Short
1066, 1600,
2400 ms

Long
2400, 3600,
5400 ms

Mixed
left/right 1066, 1600, 2400
ms/2400, 3600, 5400 ms

Stimulus type
abstract

Short
1066, 1600,
2400 ms

Long
2400, 3600,
5400 ms

Mixed
left/right 1066, 1600, 2400
ms/2400, 3600, 5400 ms
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a) realistic task version

b) abstract task version

Figure 1. Outline of the experimental task. In each trial, participants reproduced the duration
of (a) a lit window in the realistic version, and (b) a white square in the abstract version.

Statistical Analysis
Data and analysis scripts can be found at https://osf.io/4bpag/. All analyses focussed on the standard duration of 2400 ms. Responses shorter than 0.5
s and longer than 10 s were excluded from analysis (0.5 % of the data). To test
whether the reproduction of the standard duration was influenced by context,
we fitted a linear mixed model (LMM) using the lme4 package (Bates et al.,
2015) and the lmerTest package (Kuznetsova et al., 2017) (using Satterthwaite's
degrees of freedom method) in R (R Core Team, 2016), with the reproduced
duration (expressed in seconds) as dependent variable. We included fixed factors
for context (short vs. long, coded as -.5 and .5), context regime (blocked vs. mixed,
-.5 and .5) and stimulus type (abstract vs. realistic, -.5 and .5) and all first and
second order interactions, and, based on our earlier work (Maaß et al., 2019a),
we included an interaction between context and the score on the word recall
task (RecallTask). Instead of coding word recall score as a binary variable as is
common procedure, we utilized the higher precision that can be obtained by
entering a numerical deviation from a cut-off score that is corrected for age,
sex, and education. The cut-off criteria were identical to the original version of
this task in the CERAD test battery (Morris et al., 1989). The deviation from
the corrected cut-off score was entered into the model as a continuous variable.
In addition, a random intercept for subjects was added.
Moreover, we ran two additional models which focused on the explanatory power of the MoCA test. For these models we removed the RecallTaskbased interaction, but included either an interaction between context and binary
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MoCA (score lower than 26 vs. higher than 25, coded as .5 and -.5 respectively,
so that MoCA expressed the effect of scoring lower than the cut-off) or context
and the MoCA memory subscore (median split on only the scores of the
memory components of the MoCA, i.e., delayed recall, orientation and forward
digit span; see Lam et al., 2013).

Results
As expected, the base model contained a significant intercept (β = 2.22,
SE = 0.06, df = 37.00, t = 38.41, p< .001) and a significant overall effect of
context (β = 0.07, SE = 0.03, df = 1508.01, t = 2.52, p = .012), indicating that
context indeed influences the reproduced duration for the standard duration.
The interaction between RecallTask and context indicates that the recall task
score modulates the context effect (β = -0.03, SE = 0.01 df = 1508.00, t = 2.54, p = .011): For each additional point on the recall task, the context effect
is 30 ms smaller, supporting the hypothesis that the context effect is smaller for
participants with better memory performance (Figure 2).
The main effects of stimulus type and context regime indicate that realistic
stimuli (β = 0.14, SE = 0.03, df = 1508.02, t = 5.42, p< .001) and mixed blocks
(β = 0.05, SE = 0.03, df = 1508.01, t = 2.01, p = .044) increase the overall
reproduced duration (i.e., independent of context). More importantly, where
context regime did not modulate the context effect (context regime x context: β = 0.05, SE = 0.05, df = 1508.02, t = -0.89, p = .376), stimulus type did (stimulus
type x context: β = 0.11, SE = 0.05, df = 1508.01, t = 2.04, p = .045), indicating
that when realistic stimuli are presented, the difference between the two contexts is 110 ms larger than when abstract stimuli are presented. Neither the
interaction between context regime x stimulus type, nor the three-way interaction
between context regime x stimulus type x context reached significance (ts < 0.89,
ps > 0.291). Model comparisons between this model and the models including
higher order interactions indicated that the more complex models were not
warranted (χ2s < 0.187, df = 1, ps > 0.66).
The MoCA-based model contained a significant intercept (β = 2.25, SE
= 0.06, df = 37.00, t = 37.99, p < .001). Interestingly, there is no overall effect
of context (β = 0.04, SE = 0.03, df = 1508.01, t = 1.58, p = .114), yet the
interaction between MoCA and context indicates that MoCA status modulates
the context effect (β = 0.16, SE = 0.05, df = 1508.01, t = 2.99, p = .003), with
participants failing the MoCA threshold showing a larger context effect. Specifically, participants failing the MoCA threshold showed a 160 ms larger reproduction difference between short and long contexts than participants passing
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the MoCA threshold (Figure 3). The other main and interaction effects were
qualitatively similar to those of the RecallTask model reported above.
The model including the MoCA memory subscore (the summation of
the memory components of the MoCA) contained a significant intercept (β =
2.21, SE = 0.06, df = 37.00, t = 35.56, p < .001) and a significant main effect
of context (β = 0.09, SE = 0.03, df = 1508.00, t = 3.37, p < .001). Again, an
interaction with context indicates that the MoCA memory score modulates the
context effect (β = 0.16, SE = 0.05, df = 1508.00, t = 2.98, p = .003). The
other main and interaction effects were qualitatively similar to those of the RecallTask model reported above.

Figure 2: Context effects (defined as the difference between reproductions of the medium standard duration in the long and the short context) as a function of memory performance (defined as
the recall task cut-off distance score), plotted per participant. The dashed line depicts the regression
line.

84

Chapter 5

A
5.40

MoCA score 26 and higher
MoCA score lower than 26
●

●

MOCA>=26

2.40

●
●

●

MOCA<26

●
●

●

1.60

●

●
●

2.4

●
●

●

2.2
●

2.0

D

2.4

●
●

●
●

2.2

●

●

●

●

2.0

contextBlock
context
regime
mixed

1.07

reproduction +/− SE (s)

C
●

●

reproduction +/− SE (s)

B

3.60

reproduction +/− SE (s)

reproduction +/− SE (s)

●

●

2.4

●
●

●
●
●

typetype
stimulus

2.0

abstract

separate

1.1

1.6

2.4

3.6

duration (s)

5.4

short

long

Context
Block
context

short

long

Context
Block
context

●

●

2.2

realistic

short

long

Context
Block
context

Figure 3. Effect of MoCA score on context effects. A: Average interval reproductions as a
function of MoCA scores. B: Reproductions of the medium standard duration (i.e., 2400 ms) as a
function of MoCA scores. C: Reproductions of the medium standard duration as a function of
MoCA scores and context regime (i.e., whether contexts were presented in separate blocks, or
mixed). D: Reproductions of the medium standard duration as a function of MoCA scores and
stimulus type (realistic vs. abstract). Error bars represent standard errors of the mean with the withinparticipants Cousineau-Morey correction applied.

Conclusion
The reproduction of durations is highly influenced by the temporal context in which the physical interval is presented. In a time reproduction task, an
interval of 2.4 seconds triggers a longer reproduction when it is presented
within a set of longer intervals than when it is presented together with shorter
intervals (Maaß et al., 2019b; Petzschner et al., 2015). Although the physical
duration is the same, the context shapes either how the duration is perceived,
or how the duration is reproduced.
In the present study, we tested the influence of temporal contexts on duration reproduction in older adults and assessed whether the participant’s
memory score influenced their temporal performance. On the basis of our previous study (Maaß et al., 2019a), we reasoned that cognitive decline, especially
regarding memory functions, coincides with a pronounced susceptibility to
contextual information. The analyses reported in this Chapter serve as a replication of the post-hoc finding reported by Maaß et al. (2019a) that memory
functioning also influences performance for participants that are not diagnosed
for memory deficiencies. The results support the notion that individuals with
lower memory scores exhibit stronger context effects than individuals that score
higher. Additionally, it demonstrates the generalizability of the observed effect
as (1) it was also observed in a more naturalistic task setting, (2) remained present
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when the two earlier presented contexts were mixed in a final block, and (3)
the durations in this experiment were about twice as long (but still in the second
range) as the durations used in Maaß et al. (2019a). Moreover, the results were
independent of the method by which memory or more general cognitive functioning was assessed, as this pattern of results was observed both when memory
functioning was assessed by a delayed word recall task modelled after the
CERAD test battery (Morris et al., 1989), and when using the scores on the
Montreal Cognitive Assessment (MoCA; (Nasreddine et al., 2005) to predict
the influence of the temporal context.
When comparing the relative effect sizes of the context effect (β = 0.07)
and the effect of the deviance score on the recall task (β = -0.03), also depicted
in Figure 2, it quickly becomes apparent that participants with higher memory
performance scores demonstrate negligible context effects. Even though context effects are observed in practically all studies, earlier work by Cicchini et al.
(2012) has demonstrated that expert percussionists do not show context effects.
Our work suggests that in addition to professional rhythm instruction musicians,
individuals with excellent memory skills might also reproduce durations without being influenced by context.
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Chapter 6
The Cognitive Computational
Modeling Perspective

This chapter has been submitted as: Maaß, S. C., Van Maanen, L., & Van Rijn,
H. (submitted). Conceptually Plausible Bayesian Inference in Interval Timing.
Modeling Perspective
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Abstract
In a world that is uncertain and noisy, perception makes use of optimization
procedures that rely on the statistical properties of previous experiences. In
Bayesian observer models, these previous experiences are typically modeled by
unimodal statistical distributions. Here, we critically assess the validity of the
assumptions underlying these models, and propose a model that allows for more
flexible, yet conceptually more plausible, modeling of empirical distributions.
By representing previous experiences as a mixture of log-normal distributions,
this model can be parameterized to mimic different unimodal distributions and
thus extends previous instantiations of Bayesian observer models. We fit the
Mixture Log-Normal Model to published data of healthy young adults and a
clinical population of aged Mild Cognitive Impairment patients and agedmatched controls, and demonstrate that this model better explains behavioral
data and provides new insights into the mechanisms that underlie the behavior
of a memory-affected clinical population.
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Introduction
In a world that is uncertain and noisy, perception makes use of optimization procedures to reduce the influence of moment-to-moment noise by incorporating statistical properties of previous experiences. This observation holds
for the perception of many psychophysical quantities (Martin et al., 2017), including the estimation of distance (e.g., Wiener et al., 2016) and angles (e.g.,
Petzschner, et al., 2015), object size (Hollingworth, 1910), and duration (e.g.,
Jazayeri & Shadlen, 2010; Maaß et al., 2019b). These types of optimization
procedures assume that when a specific stimulus needs to be reproduced, observers do not only take the current percept into account but also incorporate
their prior knowledge of previous similar incidents to form an internal estimate
of this stimulus. This process yields more optimal average responses when the
perception of quantities is noisy, with the central tendency effect (Hollingworth, 1910) as its prime signature. Hollingworth’s work focused on “time
sense”, describing that reproductions of durations gravitate towards the mean,
with durations above the mean being underestimated and durations below the
mean overestimated. Later work has linked this central tendency effect with the
scalar property: As the noise increases with the size of an interval (Gibbon et
al., 1984), the prior experiences will have a relatively larger influence on the
longer percepts, and one would therefore expect a stronger central tendency
bias for longer durations. Even though the central tendency effect was one of
the first timing phenomena described in the literature, a formal account of this
phenomenon has only recently been proposed.
In 2010, Jazayeri and Shadlen described how Bayesian principles can be
used to construct an elegant mathematical framework in which an observer is
assumed to reproduce a duration by integrating the perceived duration, represented as a distribution that can vary in noisiness (the likelihood distribution),
with a probability distribution (the prior) representing the earlier observed durations. The multiplication of prior and likelihood results in the posterior distribution of which the mean is taken as the internal estimate of the to-bereproduced duration (see Figure 1, left column). The observed reproduced duration is a function of this estimation and a noise component reflecting various
noise sources. In Jazayeri and Shadlen’s work, the prior is conceptualized as a
uniform distribution defined over the stimulus range and effectively acts as a
filter constraining the likelihood to the range of durations. To reflect the increased temporal uncertainty for longer intervals, the model assumes a linear
scaling of the width of the likelihood as a function of the perceived duration.
This implementation of the scalar property (e.g., Gibbon et al., 1984) allows
the model to account for the empirical observation that the strength of the
Modeling Perspective

91

central tendency bias is a function of the magnitude of the duration. Similarly,
this model accounts for individual differences in central tendency effects by assuming differences in the variability of the temporal percept: the noisier the
likelihood, the stronger the impact of the prior, and thus the stronger the central
tendency effect (see dark and light lines in the Likelihood and Posterior panels
of Figure 1, and https://vanrijn.shinyapps.io/MaassVanMaanenVanRijn-Fig1
for a dynamic simulation demonstrating these effects). The second source of
individual differences in Jazayeri and Shadlen’s model is the “motor-noise” distribution that was estimated per participant to reflect the noise associated with
the mapping from the mean of the posterior distribution to the actual reproduced duration.
Jazayeri and Shadlen’s model is a specific instance of a family of Bayesian
observer models. These models are characterized by a mapping between stimulus and response, in which the likelihood of an observed stimulus is weighted
by a prior distribution over stimuli. Different distributions or functions could
be hypothesized for the likelihood, the motor noise components, and the prior.
Indeed, over the last couple of years, various Bayesian observer models have
been shown to accurately reproduce human behavior in a number of timing
tasks (for a review see Shi et al., 2013; Mamassian, & Landy, 2010; Acerbi et
al., 2012; Cicchini et al., 2012; Gu et al., 2015; Roach et al., 2017). Most
notably, Cichini et al. (2012) proposed an alternative Bayesian observer model
in which the prior is represented by a Gaussian distribution of which the width
varies as a function of the central tendency effect. This allows the model to
partially capture the magnitude of the central tendency effect using a memorybased explanation, instead of solely relying on variability in the likelihood component (see the middle column of Figure 1, and see Narain et al., 2019, for an
evaluation of this model).
In the current paper, we will evaluate the Bayesian observer models in
terms of their construct validity and assess how the models can explain timing
performance in different populations. In this context, construct validity refers
to the question whether the computational models accurately reflect the constructs that account for variance in observed performance, similarly to the construct validity of a psychological test (see, for example, Cronbach and Meehl,
1955). Based on these evaluations, we will argue that the assumed prior distributions are, though mathematically elegant, too simple to account for performance in non-idealized laboratory settings and that certain assumptions related
to perception and reproduction noise need to be reevaluated. Based on model
simulations and comparisons to earlier published datasets of healthy young
adults (Maaß & Van Rijn, 2018) and an aged sample (Maaß et al., 2019a) that
consists of patients diagnosed with Mild-Cognitive Impairment (MCI, a clinical
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diagnosis considered as precursor to Alzheimer’s disease and dementia, Petersen
et al., 2001) and healthy controls, we will argue that a prior consisting of a
mixture of log-Normal distributions is preferred, and that the motor-noise associated with the reproduction of a duration needs to be estimated separately
from the noise associated with the timing process itself.

First Theoretical Consideration: Shape of the Prior
The elegance of the specific Bayesian observer model proposed by Jazayeri and Shadlen (2010) is partially due to a number of simplifying assumptions.
For example, the prior is assumed to be a uniform distribution spanning the
range of the presented durations. Even though this provides computational simplicity, its theoretical suitability can be questioned as the nature of the central
tendency effect is that extreme observations are pulled inwards. Thus, if one
assumes that the prior is constructed on the basis of previous posterior distributions (following both Bayesian principles and instance-based explanations of the
central tendency effect, e.g., Bausenhart et al., 2014; Taatgen & Van Rijn,
2011; for reviews, see Shi et al. 2013; Van Rijn, 2016), the resulting prior must
have a higher mass at the center than at the more extreme values. Cicchini et
al. (2012) addressed the issue of the uniform prior, and proposed a Gaussian
prior distribution. Even though this distribution has characteristics that are theoretically more plausible than those of a uniformly distributed prior, its theoretical elegance is affected by the necessity to constrain the range of this
Gaussian prior to prevent it extending to negative values. Moreover, even
though the heavier center of the Gaussian captures the bias towards the mean,
the repeated presentation of different durations that are all reasonably accurately
reproduced should result in a prior distribution that is probably better characterized as a mixture of distributions centered at the presented durations. This
rationale is supported by the observations of Acerbi et al. (2012) who have
demonstrated that participants can acquire an internal approximation of more
complex empirical distributions that notably deviate from either Gaussian or
Uniform distributions as multiple peaks can be observed in the approximated
prior distributions (see Figure 5 and the corresponding section in the Results
and Discussion for a more elaborative review).
Thus, both theoretical considerations and empirical data suggest that the
prior of temporal reproduction yields a mixture distribution. Even though a
mixture of Gaussian distributions could be explored, this would require a decision about how to constrain the lower tail of these distributions. Moreover,
empirical work has demonstrated that response functions in timing studies are
better described by skewed distributions such as the Wald or inverse Gaussian,
skewed-Normal, or log-Normal distribution (see, e.g., Oprisan & Buhusi,
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2014; Simen et al., 2011; Van Rijn et al., 2014, and the discussion in Cicchini
et al., 2012). Given these considerations, a theoretically reasonable prior would
consist of a mixture of skewed distributions each representing a stimulus duration. Here, we explore a mixture-based prior that combines a log-Normal distribution for each unique duration that was presented to the participants. We
will refer to this model as the Mixture Log-Normal (or MLN) Model.
The shape of the compound mixture distribution is defined by three parameters that can be directly mapped onto constructs. Two parameters are
linked to the individual distributions: the location of the mean of the distribution and the distribution’s standard deviation. With respect to the means, we
will assume that the location of the middle component corresponds with the
duration of the middle stimulus, and that the locations of the other components
reflect the central tendency effect, with more extreme distributions pulled inwards as a function of the magnitude of the central tendency effect. This could
be a linear shift, but one could also assume a more flexible shift with longer
durations being more affected than shorter durations. Here, we will assume that
the means of the distributions will be distributed as a geometric series, resembling the type of distribution of the presented stimulus durations. The standard
deviation of these components will scale linearly with the estimated means, following the scalar property. We will estimate the standard deviation for the component associated with the median stimulus duration, and derive the standard
deviations for the other components. See the right column of Figure 1 for an
illustration. The third parameter that could influence the shape of the overall
compound mixture is the weight of each of the individual components. Even
though this parameter could be used to capture non-uniform stimulus distributions, we will not explore this additional source of variability as the modelled
datasets all presented uniform stimulus distributions (also see the section Fitting
Empirical Prior Distributions in the Results and Discussion section).

Second Theoretical Consideration: Sources of Noise
A second consideration associated with the Bayesian observer model is
that it incorporates two sources of noise, one associated with the perceptual
processing of the presented duration (wm), determining the width of the likelihood, and one associated with the mapping of the posterior to the actual reproduced duration (wp). In other domains, wm and wp are typically conceptualized
as representing perceptual noise and non-specific, motor, or response noise
(e.g., Petzschner et al., 2015; Wiener et al., 2016). Importantly, the nature of
interval timing tasks add a noise component in that the perception of duration
is not momentaneous. Instead, a noisy timing system needs to be read out to
perceive the duration of an interval, and the same or a similar timing system is
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involved during reproduction as the timing system needs to generate a cue upon
which the motor response can be executed. This suggests that both wm and wp
should additionally incorporate a “clock noise” component. Thus, wm captures
the perceptual noise associated with perceiving the onset and offset of the presented duration and clock noise associated with the actual timing of the interval,
where wp captures the perceptual noise for the onset of the reproduction phase,
the clock noise, and the motor noise associated with the motor movement to
mark the end of the reproduction phase. As the scalar property is reflected in a
noisier clock estimates with increased durations, the noise associated with both
perception and production stages should scale with the relevant duration. As
motor noise is more variable and larger than visual perception noise (e.g.,
Amano et al., 2006), wm should be smaller than wp when these parameters are
independently estimated as the production stage entails the combination of perceptual and clock noise (i.e., wm) and the motor noise associated with the execution of the motor movement.
As both parameters were fit independently in Jazayeri and Shadlen’s
Bayesian observer model (2010), wp could take smaller values than wm and no
correlation between both parameters was enforced. In Cicchini’s et al.’s work
(2012), neither of the noise parameters were estimated. Their model incorporated an empirical estimate for wm that was based on each participant’s performance on a bisection task, and wp was fixed for all participants. Similar to Jazayeri
and Shadlen’s model, this model did not enforce that wm should be smaller than
wp, nor that they are correlated. Additionally, by keeping wp fixed over all participants, Cicchini et al. made the simplifying assumption that all sources of
noise, including clock noise, are identical for all participants during reproduction. Moreover, as the reproduction noise was not influenced by the estimated
duration, Cicchini’s model implicitly assumes a timing system that does not
adhere to the scalar property during reproduction. However, in the discussion
of their model, Cicchini et al. already indicate that the noise should probably
be estimated at a per-participant basis. Thus, following Cicchini et al. 's recommendations and Jazayeri and Shadlen’s implementation, we do individually estimate the Weber fractions of both clock and motor noise. To provide a fair
comparison between models, we extended our implementation of Cicchini et
al.’s model to allow for individual differences in both perception and reproduction noise. As Cicchini et al. (2012) estimated reproduction noise at .1 (referred
to as just motor noise), and allowed the clock noise to take on values higher
than .1, we did not constrain the estimation procedure with respect to the relative values of wp and wm for our implementation of their model.
For the MLN Model, we - similarly to Jazayeri and Shadlen and Cicchini
et al. - scaled the standard deviations of the individual components by their
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means. Based on the theoretical considerations outlined above, we defined wp
as wm + Δwp, where Δwp reflects the noise associated with the motor processes.
Following earlier work, we assume the production noise to follow a Gaussian
distribution, which results in N(ts, (wm × ts)) for the perception stage as clock
noise is scaled by the presented duration, and N(te, (wm × te) + Δwp ) for the
reproduction stage.

Overview of the Paper
In the following sections, we will demonstrate how the MLN Model,
including its theoretical constraints on the noise distribution, compares to two
baseline models published in literature. These three Bayesian observer models
take into account individual differences by assuming variations in clock (i.e.,
likelihood width) and motor noise, and, for two of the three models, allow for
variations in the memory representation of previously perceived durations (i.e.,
width and/or shape of the prior). The first baseline model is an implementation
of the model described in Jazayeri and Shadlen (2010) that assumes a uniform
prior constrained over the range of presented durations and allows for an unconstrained estimation of wm and wp. We will refer to this model, after the shape
of its prior, as the Uniform Model. The second baseline model is our implementation of Cicchini et al. 's (2012) model that assumes a Gaussian prior. Unlike the model reported in Cicchini et al. in which production noise was
constant over participants and the perception noise was derived from a separate
experiment, our implementation provides more freedom and allows for individual differences in both clock and reproduction noise. For all three models,
we will integrate the likelihood and prior numerically over a range extending
to 0.5 and 1.5 times the minimum and maximum stimulus durations. In addition, we will estimate a single parameter representing the prior’s standard deviation for the Gaussian and MLN Model. As the central tendency effect assumes
that the extreme distributions are pulled towards the mean, we estimate an additional parameter representing the inward pull for the means of the outer distributions in the MLN Model. This factor allows for the mean of the
distributions of the prior to be located either at the original locations of the
empirical distribution (resembling a wide prior, reflecting no central tendency
effect), or, in the other extreme case, to all be identical to the median value of
the empirical distribution (resembling a more narrow prior, reflecting a maximal central tendency effect).
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Figure 1. Schematic representation of Bayesian Inference in interval timing. The left-most
column depicts, from top to bottom, how the width of the likelihood determines the magnitude
of the central tendency effect, and the middle and right columns depict how a similar effect can be
obtained manipulating the prior. In all columns, the top figure depicts the likelihoods associated
with perceived short or long durations. The second row depicts the prior, either a uniform prior
(left, cf. Jazayeri & Shadlen, 2010), a Gaussian prior (middle, cf. Cicchini et al., 2012), or the MLN
prior. The third row depicts the posterior distribution with the dots reflecting the means of the
distributions, which is the estimate (this figure does not depict the influence of the motor noise).
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The fourth row shows the resulting central tendency effects. In the left column, the light blue lines
reflect the posterior resulting from a rather narrow likelihood distribution, representing a fairly
accurate internal clock. The dark blue lines represent a noisier clock, resulting in a stronger central
tendency effect. The Posterior and Response panels in the middle and right column only show the
narrower likelihood distribution for legibility. In the middle plot, the pink, solid line represents a
wider, and thus less informative prior, resulting in a relatively small adjustment of the likelihood.
The purple, dashed line represents a more constrained prior, resulting in larger adjustments, and
thus a larger central tendency effect. In the right plot, the pink, solid line represents a mixture in
which three narrow distributions are distributed over most of the stimulus range, whereas the
dashed, purple line represents the mixture of three wider distributions that are maximally pulled
towards the mean. All mixture components are equally weighted.

The Uniform, Gaussian, and MLN Models will be fit to data from a sample consisting of 68 young healthy adults (undergraduate students) who performed a 1-second estimation task that was used to assess clock variability, and
a multi-duration reproduction task (Maaß and Van Rijn, 2018, Figure 2). The
multi-duration reproduction task consisted of reproduction of three equiprobable intervals (1.17, 1.4 and 1.68s). The three presented durations are defined
as 1.4/1.2, 1.4, 1.4×1.2, following a geometric series with scale factor 1.4, common ratio 1.2, and calculated for terms -1, 0, and 1. As expected, the data
demonstrates the central tendency effect, shown in Figure 2A.

Figure 2. Empirical results of the multi-duration reproduction task as reported in Maaß and
Van Rijn (2018), Panel A, and in Maaß et al. (2019), Panel B. Panel A represents the data of 68
healthy young adults, Panel B represents the data of 10 Mild Cognitive Impaired patients (MCI)
and 25 age-matched, healthy controls (HC). Data in both panels adhere to the central tendency
effect, with a larger central tendency effect of the MCI patients than for the HC in Panel B. ts:
presented interval; tp: produced interval in seconds.

Furthermore, to test the assumption that a mixture model can provide
new meaningful interpretations at group levels, the MLN Model was fit to the
data of 10 Mild Cognitive Impaired (MCI) individuals and 25 aged matched
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healthy controls (HC) from Maaß et al., (2019a, Figure 2B). These participants
performed the same 1-second estimation task that was used to assess clock variability and a multi-duration reproduction task as the students sample in Maaß
and Van Rijn (2018). Interestingly, the memory impaired population showed
a stronger central tendency effect than the healthy controls, The observed negative correlation between the magnitude of the central tendency effect and
memory functioning might be considered paradoxical as it implies that with
decreasing memory functioning, the prior - which can be seen as the memory
for previously perceived stimuli- has stronger influence on subsequent performance (see Maaß et al. 2019a for a discussion). As the temporal production
variability as assessed by the 1-second estimation task was similar among all
groups, these effects cannot be easily explained by higher clock variance. Thus,
the results could indicate that MCI patients have a stronger influence of prior
experiences than age-matched HC resulting in stronger central tendency effects.
The MLN Model that we present here will quantify these counterintuitive effects by disentangling memory and clock variability processes.

Methods
The Bayesian Observer Model
We fit Bayesian observer models to the data from the experiments introduced above. All models follow the rationale from Jazayeri and Shadlen (2010)
that a reproduced temporal interval on a particular trial depends on (1) the relationship between the sample interval ts and the internal measurement of this
interval (tm ), (2) the mapping of tm onto an internal representation of the perceived duration (te ) by incorporating the prior, and (3) the incorporation of
noise to map the internal representation to the produced interval (tp). The likelihood of a specific internal representation of the sample interval is modelled as
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Here '(⋅) represents the standard Normal distribution function, and wm is the
Weber fraction associated with the internal representation of the sample interval
(i.e., perception clock noise). The scalar property is captured by the multiplication of wm and ts, as this results in increasing uncertainty with longer durations.
Likewise, the likelihood of a specific reproduced duration is modelled as
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Here, wp is the Weber fraction associated with the reproduction, providing another locus for the scalar property. The mapping from the internal measurement
(tm) to the internal estimate (te ) depends on the integration of the likelihood
Modeling Perspective

99

over a prior distribution. The specification of the prior distribution will differ
according to the different theoretical considerations discussed above, resulting
in three distinct models.
First, the Uniform Model is a direct implementation of the Jazayeri and
Shadlen (2010) model that assumed a uniform distribution of the prior. The
range of the uniform distribution is determined by the stimulus range (i.e.,
ranging from 1.17 to 1.68 seconds in the experiments we report on here). Second, the Gaussian Model assumes a normally distributed prior (cf. Cicchini et al.
2012). The prior is centered at the median stimulus duration (i.e., 1.4 seconds),
and truncated below 0. The parameter that is estimated is the standard deviation
(psd) of the normally distributed prior. Third, the Mixture Log-Normal Model
(MLN Model) incorporates the theoretical considerations that were previously
introduced. Specifically, the MLN Model is characterized by a mixture of multiple log-Normal distributions. We assume that the number of mixture components equals the number of empirically presented durations. The standard
deviation of the mixture components is estimated under the constraint that they
scale linearly with the component means (following the scalar property). Consequently, below we report the standard deviation (psd) of the middle component and the common ratio pr of the geometric series that scales the mixture
components assuming a scale factor of 1.4 and terms -1, 0, and 1. Finally, we
assume that the weight of each mixture component is equal, representing the
fact that participants have observed every stimulus an equal number of times.
For all three models, we additionally estimate the Weber fraction parameters wm and wp. For the Uniform and Gaussian Models, both wm and wp are
unconstrained, conforming to the specifications in Jazayeri and Shadlen (2010)
and Cicchini et al. (2012). However, the MLN Model incorporates our second
theoretical consideration that wp should reflect the combination of clock noise
captured by wm and additive motor noise. We therefore estimate Δwp and define
wp as wm+ Δwp.

Model Fitting & Model Selection
For each participant, we performed a linear grid search for the optimal set
of parameters (e.g., Becsey et al., 1968; Lerman, 1980; Mestdagh et al., 2019).
The range as well as the resolution of each parameter are presented in Table 1.
The ranges are based on an iterative process to ensure an optimal resolution and
to prevent ceiling and floor effects. The number of values tested in the range
was chosen to provide a fine enough grid, while still being able to search the
full grid in a reasonable amount of time. For each parameter vector we generated 1.000 trials for each stimulus duration, and computed the RMSE between
the observed and predicted 10%, 30%, 50%, 70%, and 90% quantiles separately
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for every participant. As we are mainly interested in the central tendency effects,
and not in any linear shifts that represent structural over- or under-reproduction, we subtracted, for each reproduction, the average reproduction time
across all trials and added the average stimulus duration (following Cicchini et
al., 2012). The integration of the likelihood over the prior distribution was
approximated using the Riemann sum/rectangle method over the range 0.5852.52s, to avoid misspecification where the posterior density approaches zero
(implementation details of the models, grid search data, code for all figures, and
fitting routines can be found online: https://osf.io/kqjxf/, Maaß et al., 2020).
It is common practice to compare statistical models in terms of their quantitative fit to the data, taking into account any differences in model complexity.
Here we take a different approach, as our research question is not about the
model that provides the best balance between goodness-of-fit and model complexity, but about which model provides the best understanding of the empirical phenomena observed in healthy and clinical populations while adhering to
plausible theoretical considerations. For that reason, we will consider the validity of the estimated parameters vis-a-vis their interpretation to differentiate between models.
Table 1. Parameter ranges for the estimated parameters (with the number of tested equidistant
values listed in parenthesis)
Model

wm

wp

Uniform

[0.005-0.2] (20)

[0.005-0.2] (20)

Gaussian

[0.005-0.2] (20)

[0.005-0.2] (20)

MLN

[0.005-0.2] (20)

Δw p

psd

pr

[0.01-0.3] (20)
[0.0001-0.15] (20)

[0.01-0.3] (20)

[1.02-1.2] (10)

Bayes Factors & Model Averaging
When comparing model fits to the data of individual participants, we will
plot the empirical data and the model estimates for the vector of parameters
with the lowest RMSE to reflect the best possible fit we could obtain. However, this depiction of the model fit ignores the uncertainty in model selection:
it is well possible that another vector of parameters provides similar fits in terms
of RMSE. Using Bayesian model averaging we calculated a weighted average
of the parameters (weighted by their respective model probability using relative
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AIC values) that best reflects the information provided by the model fitting
processes (e.g., Hinne et al., 2019; Hoeting et al., 1999).
The Bayes factors were computed with the R package BayesFactor (version 0.9.12-4.2; Morey et al., 2018) using the default prior settings and are
interpreted based on the guidelines provided by Jeffreys (1961, see also Van
Doorn et al., 2019). The reported Bayes factors summarize the extent to which
an observer’s opinion of the tested variable should change based on the data. A
Bayes factor of 1 indicates that both hypotheses are equally likely under the data
and therefore is inconclusive. Bayes factors larger than 1 represent evidence for
the alternative hypothesis of an influence of the tested independent variable on
the dependent variable, and Bayes factors less than 1 represent evidence for the
null hypothesis of no effect of the tested variable.

Results and Discussion
Fitting the Student Sample
First, we will fit the three models to the data of a sample of 68 healthy
young adults (undergraduate students). We determined the best fitting vector
of parameters per participant by minimizing the RMSE for each quantile and
empirical duration per participant and model. Figure 1 depicts in the three leftmost columns the empirical data and the model fits resulting in the lowest
RMSE for three participants. In addition, we plotted in the rightmost column
of Figure 1 the predicted against empirical reproduced duration for each quantile (coded by color) and empirical duration (each diagonal line representing a
ts). At first sight, all models seem to provide an equally good fit, as no strong
deviations can be observed from the diagonal. Yet, when comparing the
squared difference between predicted and empirical duration per type of model
(RMSEs: 0.032 for Uniform, 0.028 for Gaussian, 0.027 for MLN), there is
strong evidence (BF = 11.31) that this squared deviation is better predicted
when type of model is included as main effect (in addition to the main and
interaction effects of quantile, ts, and empirical duration). This effect is driven
by a worse fit for the Uniform Model, as there the Gaussian and MLN Models
provide comparable fits (BF = 0.055). Thus, although all three models provide
a reasonable visual fit to the data, the Gaussian and MLN Models better account
for the data than the Uniform Model.

102

Chapter 6

Figure 3. Fit of the models to the empirical data from Maaß and Van Rijn (2018). The three
leftmost columns depict the 10%, 50%, and 90% quantile (in blue) and model predictions (in black),
for three example participants (ts: presented interval; tp: produced interval in seconds). The three
rows represent the Uniform, Gaussian, and Mixed Log-Normal Model respectively. The rightmost
panel depicts, for each of the three ts durations (one diagonal line per ts duration, longest at top),
the difference between predicted quantiles and the observed empirical quantiles for all 68 participants, with color scale representing the 10 (black), 30, 50, 70 and 90% (blue) quantiles.

As discussed in the introduction, the Uniform and Gaussian Model do not
constrain the estimation of the width of the noise of the reproduction (wp) in
relation to the width of the noise of the perception (wm) of the duration. As a
reproduction consists of the same clock processes associated with the perceptual
stage plus an additional motor response, one should expect wp to be larger than
wm. Figure 4 depicts the difference between wm and wp, expressed as Δwp, for the
Uniform and Gaussian Models, and the estimated Δwp for the MLN Model. As
the two leftmost violin plots show, a sizable proportion of the best fitting models per participant assume a larger wm than wp, suggesting that for those participants the reproduction of a duration is associated with less noise than the
perception of a duration. For the MLN Model, wp is defined to be larger than
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wm, as this model estimates Δwp, as a positive value, that is added to wm to arrive
at wp. It is important to note that this theoretically implausible result is intrinsic
to the Uniform Model as the only way this model can account for the magnitude of the central tendency effect is by manipulation wm. As the prior is fixed,
wm captures the central tendency effect: A very small wm yields a very peaked
likelihood which mostly falls within the defined uniform prior, and thus only
small central tendency effects will be observed, whereas a large wm will results in
large proportions of the likelihood falling outside the range of the prior, resulting in stronger pull effects. Thus, for participants with large central tendency
effects, wm needs to be large. If wp would be constrained to be larger than wm,
this would result in too dispersed estimates for the extreme quantiles, and thus
wp will often be smaller than wm when a participant shows a large central tendency effect. Note that for the Gaussian Model, constraining wp might be an
option as central tendency effects might also be captured by manipulating the
width of the prior, however, we opted for keeping the models as similar as
possible to the earlier published descriptions. This results in two models with
parameter estimates that, even though they provide reasonable fits to the data,
are difficult to align with the theoretical constructs they represent.

Figure 4. Estimated additional noise (Δwp) associated with the reproduction of a duration
compared to the perception of a duration (wp) for the three models (Whisker plot represents
mean and two standard deviations). For the Uniform and Gaussian Model, Δwp is calculated by
subtracting the estimated wm from the estimated wp; for the Mixture Log Normal Model, Δwp is
estimated as additive noise to wm when the estimated duration is mapped to the reproduced duration. Green dots represent participants for whom the estimated combination of clock and motor
noise is larger than just clock noise, red dots represent participants for whom the models estimated
lower noise for reproduction than for perception.
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Fitting Empirical Prior Distributions
A distinction between the Uniform and Gaussian Models on the one
hand, and the MLN Model on the other is that the latter can accommodate
more irregular or complex prior distributions. These distributions could either
be elicited by stimuli sampled from non-uniform distributions, or because of
observing behavior that does not align with the assumption of an ideal Gaussian
or uniform prior. To assess how well the MLN Model fits such prior distributions, we fitted this model to the nonparametrically estimated prior distributions
of Experiment 1 reported by Acerbi et al. (2012) that are shown as the dashed
lines in Figure 5. The top-left and both bottom panels (Figure 5A, 5C, & 5D)
represent the prior derived from the participant’s reproductions given either a
short (purple/left) or a long (pink/right) uniform stimulus distribution consisting of six stimulus durations. These priors are characterized by a central peak
flanked by two lower peaks or shoulders, suggesting (1) that the central tendency effect resulted not just in a behavioral pull, but that this pull is also reflected in the central peak of the prior itself, and (2) that the more extreme
stimulus durations might be encoded separately from a representation of the
mean of the distribution, resulting in the two subordinate peaks. The dashed
lines in the top-right panel (Panel B) represent both a biased (left/green) and an
uniform distribution (right/purple), tested over the same range of stimulus durations. For the biased distribution, the second shortest stimulus had a 7/12
probability of being presented, while the other five stimuli durations were each
presented with a probability of 1/12. The relative frequency with which the
stimuli durations are presented is shown in the small vertical bars just above the
x-axis. The estimated prior distributions clearly show multiple modes, again
suggesting that a mixture distribution would best describe these priors, with the
biased distribution shifted in the direction of the positively biased duration. The
bottom two panels (Panel C and D) depict the two uniform empirical distributions with slightly different parameterized mixture log-Normal priors.
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Figure 5. The nonparametrically estimated prior distributions of Experiment 1 (Panel A, C,
and D) and 2 (Panel B) of Acerbi et al. (2012) and the fits of 10 runs of the MLN Model. For the
fits in the top two panels, location and weight of each of the components was independently estimated, in the bottom two panels either weight (C) or location (D) was kept constant. See text for
further explanation.

The partly transparent lines plotted in the four panels of Figure 5 represent
10 instances of MLN priors. Each prior consists of 6 component distributions,
one for each stimulus duration presented, with a weight between 1/15 and
10/15. The weights, locations, and a single standard deviation were estimated
by minimizing the summed squared differences between the nonparametrically
estimated prior distributions and the mixture log-Normal prior distribution
over the 200 to 1600 ms range (using the Simplex procedure, Nelder & Mead,
1965). In the top row, the standard deviation and both location and weight of
each of the components are independently estimated. In the bottom row, the
left panel depicts the fit assuming that the weights of each component are equal,
whereas the right panel depicts the fit assuming that the locations of the components equate the presented ts values. The vertical bars extending from 0
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downwards represent the location (x value, jittered for visualization purposes)
and weight (length of line) of each of the components of the mixture. The small
lines at the bottom of each panel represent the relative proportion and location
of the presented, empirical durations. By plotting 10 fitted models, the partly
transparent lines provide a visual indication of the variability and flexibility of
the model fits.
Figure 5A demonstrates that the central peak in the estimated prior distribution is captured by a clustering of relatively heavily weighted component
distributions around the mean of the empirical distribution, with the subordinate peaks captured by two smaller clusters to the sides. In Figure 5B, the downwards pointing location and weight indicators show that the central cluster of
the biased condition plotted in green is slightly more scattered and shifted leftwards. These observations demonstrate that the MLN prior can fit the qualitative patterns of the nonparametrically estimated priors reported by Acerbi et al.
(2012). To assess whether both locations and weights need to be estimated to
provide a reasonable fit, Panel C and D represent model fits in which either the
locations are estimated but the weights kept constant (Panel C), or, vice versa,
the weights were estimated but the locations kept constant. As can be seen by
comparing both panels, Panel C fares better in capturing the kurtosis and multimodality of the estimated prior. Panel C can be interpreted as a shift of the
mean or location of the prior component that is associated with a particular
stimulus duration, a view that fits with the theoretical assumption that the prior
reflects the history of posterior values which are also pulled towards the center
of the distribution. To conclude, this section demonstrates that the MLN Model
is capable of capturing realistic, more complex prior distributions. When comparing Figure 5C and 5D, visual inspection suggests that the simulation that
estimates the locations provides a better fit than the simulation with free
weights. To prevent unnecessary flexibility, we will therefore estimate a factor
representing the pull exerted on the component distributions, yet not estimate
the relative weights of the components.

Fitting the MCI Sample
After confirming that the MLN Model matches the data of the young
adult population and the more complex empirical priors described in Acerbi et
al. (2012), we now assess whether this model can provide additional insight in
empirical phenomena and, vice versa, whether the parameters associated with
the models relate in a sensible manner to external constructs. Hereto, we fitted
the MLN Model to the clinical data collected by Maaß et al. (2019a). In this
work, we demonstrated that the participants diagnosed with MCI demonstrated
a stronger central tendency effect than age-matched, healthy control (HC)
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participants. This result might seem paradoxical as MCI status is partially defined
by memory dysfunction, whereas a stronger central tendency effect assumes an
emphasized influence of memory. By fitting the MLN Model to this data, we
hope to elucidate the locus of the increased central tendency effect by assessing
whether a difference can be observed in the priors associated with both participant groups, or whether this effect is driven by noisier clock systems. Figure 6
presents the fits of the MLN model to three MCI (top row) and three control
(bottom row) participants. The right-most column again shows the model fit
for all participants, again demonstrating that the deviation between predicted
and observed responses is relatively small for all quantiles. Figure 7 plots the
distributions of the four parameters of the MLN Model for the MCI and the
HC participants, with in the top left corner the Bayes factor representing the
evidence in favor of a difference between both distributions as a function of
MCI status (assessed with lmBF, Morey et al., 2018). Importantly, while there
is a difference observed between both groups for wm (internal clock noise), there
is no evidence for a difference for wp between both groups. This finding is in
line with earlier work that has demonstrated that clock noise increases as a function of cognitive decline (Nichelli et al., 1993; Wearden et al., 1997; Malapani
et al., 1998; Caselli et al., 2009; Gooch et al., 2009; Wild-Wall et al., 2009;
Turgeon & Wing, 2012). However, and most notably, this contrasts our earlier
report in which we argued that there was no difference between both groups
in terms of clock noise when we determined clock noise using the 1-second
task.
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Figure 6. Fit of the MCI Model to the empirical data from Maaß et al. (2019a). The three
leftmost columns depict the 10%, 50%, and 90% quantile of the empirical data (blue) and MLN
Model predictions (black) for three example participants (ts: presented interval; tp: produced interval
in seconds). The two rows represent the two participant groups (MCI and HC participants). The
rightmost panel depicts, for each of the three ts durations, the difference between predicted quantiles
and the observed empirical quantiles for all HC (n=25) and MCI (n=10) participants, with color
scale representing the 10 (black), 30, 50, 70 and 90% (blue) quantiles.

Figure 7. MLN Model parameters for the HC and MCI groups from Maaß et al. (2019a).
Violin and whisker plot (representing mean and two standard deviations) represent model parameters estimated by means of grid search and Bayesian model averaging for wm, wp, pr, and psd by
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participant group. Dots (jittered for visualization) represent individual participants. The BF value
in the top-left of each panel reflects the Bayes Factor in favor of Participant Group predicting that
panel’s model parameter determined by the lmBF function of the BayesFactor package (Morey et
al., 2018).

In the 1-second task, part of both data sets reported in this manuscript
(Maaß & Van Rijn, 2018; Maaß et al., 2019a), participants are asked to repeatedly produce a duration of one second by means of a keypress. In our earlier
work, we have argued that the measure derived from this task “is related to the
width of the likelihood distribution in the multi-duration reproduction task,
which has been associated with the noise in the clock parts of the temporal
system” (p. 8, Maaß & Van Rijn, 2018). This predicts, in terms of the discussed
Bayesian observer models, that the observed measure should correlate with wm
as this measure indexes clock noise, but also with wp in the Uniform and Gaussian Models, as wp reflects both clock- and motor noise in these models. However, shown in the columns for the Uniform and Gaussian Model of Table 2,
the only reliable correlation is found between wm and the 1-second task for the
Uniform Model, but no reliable results are observed for wp in either model.
Instead, the distribution width parameter of the Gaussian Model (psd) is negatively correlated to the 1-second variance, indicating that a higher variance during the 1-second task results in stronger pull-effects due to a stronger prior
influence. Obviously, this pattern results in the empirical observation of the
stronger pull for participants with higher 1-second variance measures (Maaß &
Van Rijn, 2018, Maaß et al., 2019a), but it is difficult to conceive a mechanism
that can both explain an increased 1-second production variance while at the
same time only predicting a more narrow prior and no reliable clock-noise effects. Interestingly, the MLN Model does show a correlation between 1-second
variability and wm, but not between 1-second variability and Δwp. As the latter
parameter represents motor-noise, this pattern of results supports the notions
forwarded in Maaß and Van Rijn (2018) that the 1-second variability measure
captures clock noise, and provides conceptual support for the internal validity
of the MLN Model. However, no reliable relations can be found for the MCI
sample. This could be due to the smaller number of participants, or because this
sample consists of multiple subsamples (i.e., healthy aged, non-diagnosed but
memory-affected, and MCI-diagnosed participants, Maaß et al., 2019a). As analyzing these subsamples did not provide qualitatively different results, we refrain from interpretation, but recommend to reassess this relation when data of
a larger sample of participants are available. Obviously, an alternative explanation is that the results of the 1-second task are influenced by motor-noise, which
might be stronger in the aged population than in the young-adult population.
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The results reported in Table 2 hint in that direction, as where there is positive
evidence for wm and negative evidence for wp relating to 1-second production
noise in the young-adult population, the effects are reversed for the aged population. This argues that stronger effects of motor noise in aged populations
could explain the disparity between the results in Figure 7A (where we find wm
differences between MCI and HC participants) and the earlier reported (Maaß
et al., 2019a) absence of clock noise differences between these groups.
Table 2. Correlations between 1-second task measure to predict clock noise (see Maaß & Van
Rijn, 2018) and the model parameters. The wp / Δwp row lists wp for the Uniform and Gaussian
Models, and Δwp for the MLN Model. The r column lists Pearson's product moment correlation
coefficient, the BF column lists the Bayes Factor determined by Jeffreys (1961) test for linear correlation as implemented in the correlationBF function of the BayesFactor package (Morey et al.,
2018).
Maaß & Van Rijn (2018)
(n=57, young healthy adults)
Model

Uniform

Gaussian

Maaß et al., (2019a)
(n=30, MCI & HC)
MLN

MLN

r

BF

r

BF

r

BF

r

BF

wm

.38

16.247

.21

0.907

.32

5.046

.19

0.622

wp / Δwp

.20

0.845

.26

1.885

.11

0.403

.33

1.649

-.39

22.936

-.19

0.763

.36

2.210

-.15

0.546

.24

0.837

psd
pr

Apart from the difference between MCI and HC for the wm parameter,
Figure 7C also depicts a difference for the pr parameter which reflects the spread
of the individual components contributing to the MLN prior. The smaller pr
values estimated for the MCI participants indicate that their prior is more compact, resulting in a stronger memory-based central tendency effect. This is in
line with the conclusions drawn on the statistical analysis of the behavioral data
reported in Maaß et al. (2019a), and thus provides additional support for the
hypothesis that in this memory-affected population the internal representation
of earlier experiences is weighted more strongly than in healthy control populations. Whereas Bayesian observer models are typically considered to represent
optimally as the integration with the prior compensates for a lack of accuracy,
in this clinical population compensation might be needed to counter the decay
of the memory trace of the current interval.
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General Discussion and Conclusion
We demonstrated and argued that Bayesian observer models that allow
for interindividual variability in the shape of the prior outperform a Bayesian
observer model that assumes a uniform prior, but that only the MLN Model
adheres to theoretical constraints regarding perception and production noise. In
addition, this more realistic MLN Model provides new insights regarding the
differences between Mild-Cognitive Impaired patients and healthy controls in
a context task. Whereas in our original work we attributed the increased context effects uniquely to a more narrow prior for MCI patients, the computational cognitive model demonstrated that the combination of a narrower prior
and a noisier internal clock drive the observed patterns. The components that
make up the prior are more strongly pulled inwards, rather than represented by
a narrower distribution (as would be the case in a Gaussian model). These results
thus refine the conclusions that were drawn on the basis of a statistical analysis
of the behavioral data (Maaß et al., 2019, see also Rueda & SchmitterEdgecombe, 2009) and exemplifies the observation by Paraskevoudi et al.
(2018) that insight in deficient timing processes hinges upon a formalized approach that allows for dissecting whether memory or clock-noise processes
drive deviations in timing performance.
Even though we presented the Gaussian and MLN Models as two distinct
models, the former could be seen as a special case of the latter. That is, apart
from the distributional differences between a Gaussian and Log-Normal, the
Gaussian Model can be approximated by an MLN Model with pr = 1, as this
would assume completely overlapping mixture prior distributions. However,
the model simulations estimated pr to be 1.05 or higher, indicating that even in
the participants with the strongest prior-based central tendency effect, the components were not fully overlapping (i.e., a pr = 1.05 results in distribution means
of 1.33, 1.4, and 1.47). Consequently, the estimated distributions are more leptokurtic than what would be obtained with a Normal distribution.
In addition, the Gaussian distribution has been shown to fail to predict
empirical patterns observed in studies that use a dense representation of intervals. In a number of such studies, it has been demonstrated that the central
tendency effect may not be a linear deviation from the target duration, but
rather follows a more sigmoid pattern, where more extreme data points gravitate towards the mean more than less extreme data points (Narain et al., 2018;
Sohn et al., 2019). Narain et al. demonstrated that the sigmoid pattern is conditional on a uniform prior as a Gaussian prior does not yield sufficient curvature. Our work extends the observations forwarded by Narain et al., as it
supports the observation that a prior distribution with a sudden transition from
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negligible prior density to a higher prior density yields a sigmoid pattern in
central tendency. In the extreme case, when many underlying components are
assumed to contribute to the prior, the resulting MLN prior distribution mimics
a uniform distribution (Figure 8A). The degree of mimicry to the uniform prior
depends on the width of each component, with narrower components resulting
in a distribution that more closely resembles the step-shaped boundaries of the
uniform distribution closer. When wider components are assumed, the resulting
prior more resembles a Gaussian distribution, yielding a weakening of the sigmoidal pattern (Figure 8B). However, a high density of intervals is not required
to observe the sigmoidal pattern. When, following the experimental paradigm
of Sohn et al. (2019), a smaller number of underlying components (Figure 8C)
is assumed, the MLN Model still results in sigmoidal response patterns (Figure
8D), the strength of which is again a function of the width of the mixture
components. Thus, the MLN Model reveals that it is not the uniform-like prior
distribution per se that yields the sigmoid pattern in central tendency, but a
sudden transition from negligible to increased prior densities. Moreover, it suggests that the strength of the sigmoid pattern appears as a result of individual
differences in timing behavior: Individuals with more precise timing capabilities
may develop prior distributions that have narrower mixture components, required for a sudden transition of prior density to demonstrate strong curvature
effects.

Figure 8. Simulations with the MLN Model show that the model predicts complex behavioral patterns. Simulations plotted in the top row are based on an MLN prior consisting of 21
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equidistant mixture components. With a sufficiently low standard deviation (narrow components
drawn in black/grey lines), the resulting mixture resembles a uniform distribution (solid line). A
larger standard deviation (wide components) results in a more unimodal distribution (dashed line).
The right panel depicts that an increased width of the components results in increased nonlinearity
in the central tendency effect. The simulations in the bottom row are based on an MLN prior
consisting of 5 mixture components (similar to Sohn et al., 2019). If the components have a sufficiently low standard deviation, the resulting mixture has a density that is negligible outside the
stimulus range (solid purple line). A larger standard deviation (wide components) results in a more
unimodal distribution (dashed line). Again, the different shapes of the MLN prior predict differences
in the central tendency effect.

One challenge when comparing different computational cognitive models, or variants of a single computational cognitive model, is to account for the
degrees of freedom provided by additional parameters or assumed processing
steps (Pit & Myung, 2002; Myung, 2000). The same holds for the three models
presented in this manuscript, as it is not straightforward to provide an objective
assessment of the exact number of degrees of freedom for each model. One
could, for example, consider the parameters determining the width of a uniform
prior as free-but-not-manipulated parameters in the Uniform Model (cf.
Taatgen & Anderson, 2008, Van Rijn et al., 2016): One could imagine a uniform prior to either extend beyond the maximum range of the presented durations if one assumed that a highly noisy internal clock blends out the perceived
durations, or assume a more narrow uniform prior if one assumes that the estimated (or reproduced) durations would provide the basis for the prior. One
could argue that this latter assumption is more in line with Bayesian reasoning
as it fits well with the theoretical assumption that the model’s posterior on a
current trial contributes to the prior on future trials (e.g., Shi et al., 2013). As
the posterior will demonstrate the central tendency effect, one could hypothesize that the prior should also be narrower. Simply iterating over the number
of estimated parameters is also problematic when considering wm and wp. All
three models assume two parameters for the noise associated with the perception and production stages, but only the MLN Model constrains the latter to
be larger than the former, reducing the model’s flexibility. Instead of providing
formal comparisons based on model complexity or flexibility, here we compared the three different models on construct validity. Even though the mathematical simplicity of the Uniform and Gaussian Models could be taken as
arguments in favor of their adoption, and both models fare well in cases of welldesigned, balanced and simple paradigms, neither model allows for capturing
more complex behavioral patterns that can readily be observed in empirical
studies (e.g., Acerbi et al., 2012). Moreover, especially in the case of the Uniform Model as implemented here, central tendency effects are defined as a function of clock noise, as only by increasing the width of the likelihood can this
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model explain stronger central tendency effects. This rules out the possibility
that memory-based explanations drive observed central tendency effects, which
we argue is an important explanatory variable when considering the behavioral
patterns observed in clinical populations. Additionally, a fixed prior also means
that in the case of a strong central tendency effect but limited reproduction
variance, the Uniform Model has to assume a highly variable clock for the perception phase to account for the strong central tendency effect, but a very precise clock for the reproduction phase to capture the lack of variance. This
dissociation between perception and reproduction clock noise is, to our
knowledge, not supported by any empirical evidence. In sum, the models presented in this manuscript provide a hierarchy of conceptually plausible models,
and demonstrate that the different components of the MLN Model provide the
best tools to understand the clock and memory mechanisms involved in interval
timing.

Conclusions
To conclude, a Bayesian observer model that assumes a prior that consists
of a mixture of log-Normal distributions outperforms a Bayesian observer
model based on a uniform prior, and can fit and explain a number of empirical
phenomena not captured by either a model based on an uniform or Gaussian
prior. The MLN Model does not just explain how Bayesian integration could
take place, but also provides a theoretically sensible foundation for the shape of
the prior. By fitting the prior to the observed behavior, the MLN Model provides a mechanistic account of how memory influences Bayesian integration.
In addition, this model allows for a functional separation of clock noise, which
is mostly driving the noise during the perception phase, and motor noise, which
is an additional noise component during the reproduction phase. With respect
to the distribution of the prior, specific parameterizations of the MLN prior
resemble the uniform and Gaussian priors that have been proposed earlier, indicating that the MLN Model can capture the phenomena earlier ascribed to
these more specific models while adhering to more stringent construct validity
criteria. Thus, even though the MLN Model is more complex than the existing
models, theoretical and empirical considerations justify this model over the simpler models. Lastly, we demonstrated that this MLN Model allows for a more
precise interpretation of the behavioral results in a clinical population, paving
the way for the utilization of computational cognitive models (cf., Huys et al.,
2016) to assess the relative contribution of memory and clock components in
declining performance in clinical populations.
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Time in Context
What Time Can Tell about Memory Decline, Sexual Arousal, and
other Psychological Phenomena
In life, everything circles around time. How long do I have to come up
with a response to the question just posed by the man behind the counter in
the Späti? Can I put a wash in the machine and still catch the train to work? Is
the silence on the other side of the line an indication of our connection dropping, or is she just looking for words? In all these cases, timing hinges on our
previous experiences. Given the daily witty exchanges with the Späti owner, I
know that I should come up with a response quickly, whereas I know that a
longer silence during the phone calls with my introverted friend are not exceptional. Thus, in different conversations similar durations could result in a very
different evaluation. No matter which task, we expect actions to take a certain
duration, an expectation that is defined by the context and formed by the earlier
experiences within this context. This thesis describes a number of empirical and
computational studies in which I explore how context influences our perception of time, how this context is reflected in memory, and how this intricate
interaction of time and memory is affected in later stages of life.
Despite memory being a central component of timing theories since the
onset of the academic study of time (Treisman, 1963), the influence of memory
on timing has only sporadically been studied. For example, even though
memory is one the three main components of the Scalar Timing/Expectancy
Theory (SET), which is generally considered the keystone timing theory, studies have predominantly focused on “the clock” and were relatively oblivious to
the role of the decision and memory components (Church et al., 1994; Gibbon
et al.,1984). The clock component consists of a pacemaker and accumulator
that interact to provide the system with a sense of time, and studies have focused
on the mathematical regime that best describes the hypothetical pulse generation (e.g., Gibbon & Church, 1981; Taatgen, Van Rijn, Anderson, 2007),
whether the transmission of pulses from pacemaker to accumulator is flawless
or affected by secondary processes (Zakay, 2000), whether the capacity to time
multiple intervals necessitates multiple clock systems (Van Rijn & Taatgen,
2008; Leak & Gibbon, 1995), how emotions influence the speed of the clock
(Droit-Volet, & Meck, 2007), etc. This emphasis on the clock system is surprising when one considers that Vierordt’s law, one of the best known “timing
laws”, describes how the perception of time is affected by other perceived durations (e.g., Lejeune, & Wearden, 2009). Studies that have focused on the
memory component of the SET triad, mainly addressed how the memory
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system provided access to the single memory trace that is relevant to the timing
task at hand (e.g., Jones & Wearden, 2003). However, this can hardly explain
the timing subtleties introduced in the previous paragraph: Have I stored the
timing of all previous exchanges with the Späti owner? How do I distinguish
between the durations associated with different mundane household tasks?
Only recently has attention turned to how the memory system actively
influences how humans and other animals act in time. For example, Bayesian
observer models of timing assume that the memory of previous experiences,
the prior, acts as a filter to reduce the trial-by-trial noise associated with actual
duration perception. Depending on the implementation, this prior is either instantiated as a fixed component, assumed to be “hard-wired” in the brain of the
participant for the duration of the experiment, or assumed to be updated with
incoming information as the experiment progresses (e.g., Diyas et al., 2012;
Taatgen & Van Rijn, 2011). Even though the latter approach might be a more
truthful depiction of human performance as, obviously, a just perceived duration will exert a stronger momentary influence than a duration perceived years
ago, the assumption of a prior that is stable over the duration of an experiment
provides a number of analytical advantages. For example, when a fixed but parameterized distribution is assumed to represent all earlier experiences, we can
estimate these parameters per participant and determine the relative contribution of the memory system for that specific participant. Theoretically, this is
also possible with an updating memory system, but the additional degrees of
freedom associated with an updating memory representation would require a
large number of trials to accommodate a reliable model fit. Still, neither approach explains how the proper memory context is selected as neither approach
explains how I switch from the short context in the Späti interactions to the
long context in the phone calls. Even though the actual selection process is not
addressed in this thesis, I have shown in Chapter 5 that even with very abstract,
simple clues, people are able to quickly select the right context. This confirms
that in real-life, when the context is defined by a much richer set of features, it
should indeed not be difficult to select the right temporal context. In the other
chapters of the thesis, I have focused on how the memory system influences
temporal performance by, paradoxically, proposing a fairly simple task. As this
task assesses timing performance without requiring memory updating, we can
utilize this task to partial out clock variability and demonstrate that in older
populations timing performance relies to a stronger extent on the memory processes, even in pre-clinical Alzheimer patients (i.e., amnestic Mild Cognitive
Impairment patients). This contradictory finding - the stronger one’s memory
is affected, the more one relies on memory - can be explained by considering
the dual role of the memory system. On the one hand, the prior provides a
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general context and is built up over the whole scope of the experiment. On the
other hand, the memory system also needs to keep track, in a system that might
resemble working memory, of the duration that is required for performance on
the current task. When memory starts to fail, the impact of memory deterioration on the internal representation of the current duration might well be more
severe than the impact on the more stable prior representation. Thus, a stronger
reliance on more stable memory representations is a more rational approach
when memory starts to fail.
Nevertheless, the proof of the pudding would be to replicate this result in
healthy, young participants. Do people with better memory skills rely less on
their prior representation than people whose memory system is more efficient?
As the recent trace might be encoded in a working memory-like system, a most
straightforward option would be to correlate an individual’s working memory
capacity with their prior parameters. However, one can wonder whether this
capacity measure would provide the best index in this context: working
memory capacity not just measures how well information is retained, but also
how efficiently it is encoded (e.g., Unsworth, & Spillers, 2010; Kane, & Engle,
2000) and is at least partially dependent on strategy use (e.g., Hilbert et al.,
2015; Nijboer et al., 2016). Interestingly, Sense et al. (2016) have recently published work in which a quantification of memory performance is presented that
well predicts the accuracy with which memory traces are encoded, but that
does not correlate with working memory capacity. This quantification is derived from an adaptive learning system (Van Rijn, Van Maanen, Van Woudenberg, 2009) in which a rate of forgetting is estimated for the learning materials.
This rate of forgetting is calculated on the basis of both accuracy and the speed
by which answers are given to a cue. Obviously, the rate of forgetting will be
influenced by learner-specific strategies or background knowledge, but the observation that this measure highly correlates with memory performance yet not
with working memory capacity or measures of general intelligence provides a
promising avenue for indexing a pure form of memory encoding. It would
therefore be highly informative to assess whether memory reliance in interval
timing tasks is a function of the rate of forgetting estimated in an adaptive learning session.
To summarize, in this thesis I demonstrate that Context Matters, and that
Memories of Prior Times influence how we perceive the present, and that we can
only understand how time drives our everyday functioning when we understand how a timing system interacts with a memory system. The work in this
thesis only scratches the surface of these processes - for example - even though
clinical population studies and mathematical accounts of the interaction of
memory and time are addressed, it does not address the neurological
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foundations of interval timing. Yet, even without knowing all the intricate details of how interval timing is instantiated, I would like to argue and discuss that
time could be a tool to increase our understanding in other fields, which could
be one way to propel timing into the real-world.
Given this thesis’ focus on memory, I will first focus on how the role of
memory in timing can be used in applied or clinical settings. In the introduction, however, I also focused on how arousal and attention modulate the subjective perception of time. Of these two, attention might be less suited for usage
in applied settings. For one, to be useful in applied settings it will be necessary
to quantify the magnitude of the modulator, which is notoriously difficult for
“attention” as it is a highly diffuse theoretical concept. Moreover, even though
it is clear that forms of divided attention have an impact on temporal performance, literature has not reached consensus on how attention actually interferes
with the timing processes. I will therefore first focus on how the role of memory
in interval timing can be utilized to provide an indirect measure of memory
performance and decline, and second discuss how the arousal-driven modulations of time might be used as an index of other psychological phenomena.
In older age, memory starts to decline (e.g., Wang et al., 2011; Small
2001; Anderson et al., 2008, but also see Ramscar et al., 2014), a process which
is frustrating at times, yet often benign. However, in about 16 % of the population (Petersen et al., 2018), this develops into Mild Cognitive Impairment
(MCI), a diagnosis based on observed cognitive impairments that are more severe than what could be expected based on the interaction between age and
education, yet that are not severe enough to affect normal daily activities. MCI
is subdivided into nonamnestic MCI, if other faculties than memory are also
affected, and amnestic MCI (aMCI), in which memory loss is the predominant
symptom. About 50% of the patients initially diagnosed with aMCI are diagnosed with Alzheimer’s disease in later years. Given this development, it is pertinent for aMCI patients to have their symptoms regularly re-evaluated, which
is reflected in the Alzheimer’s Association’s guidelines that suggest a re-evaluation every 6 months (Alzheimer's Association, 2019). One of the assessments
during these re-evaluation sessions are memory tests such as the ones included
in the MoCA (Nasreddine et al., 2005) and the CERAD (Morris et al., 1989).
In these assessments, patients are presented a number of words or images, and
are asked - after a certain time that is typically filled with executing other psychological tests - to recall said items. Obviously, for many patients, this process
is rather stressful as they perceive the memory test as one that they can either
pass or fail, instead of a test that is just intended to provide an index of their
functioning. Moreover, the setup of the test provides participants with direct
insight in their functioning, as participants are well aware that they saw, say, 8
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items but notice that they can only recall a few. This increases anxiousness and
fear of failure, which negatively influences the accuracy of said tests. But there
are also a number of methodological issues with memory tests as the MoCA
and the CERAD. For example, the resolution of these tests is relatively limited
as with a test of 8 items, participants typically either recall none of the items, or
report between 5 or 8 items. Moreover, if participants are asked to take these
tests once every 6 months, care should be taken that unique items of equal
difficulty are presented at each test, requiring a large number of carefully constructed test batteries.
Virtually all memory tests that are used in clinical settings adhere to this
template, yet the work in this thesis provides a foray into a new, more indirect
type of memory measurement. In Chapter 4, I demonstrated that timing performance correlated with clinical MCI diagnosis. This is hardly surprising, as
timing performance is well known to be affected in many clinical domains (for
a review, see Paraskevoudi et al., 2018). Yet, in these earlier studies it has typically been argued that the “clock” component of the temporal system is affected, for example by arguing that in older age the clock “slows down” (e.g.,
Wearden et al., 1997; Gooch et al., 2009; Wild-Wall et al., 2009). Using the
1-second task presented in Chapter 3, however, we argue that the effects observed in Chapter 4 are the behavioral signatures of affected memory functioning. Additionally, by fitting Bayesian observer models (Chapter 6), I
demonstrated that the observed behavioral patterns are best explained by assuming variability in how the memory system influences temporal performance.
Interestingly, pilot data obtained in the context of a practicum of a Master
course at the University of Groningen suggest that similar patterns can be observed in healthy young adults: their rate of forgetting as assessed with the earlier
discussed adaptive learning system shows a similar correlation with temporal
performance as observed in healthy aged controls and MCI patients. These results suggest that one could also use a timing task to index memory functioning,
using prior reliance as indicator of a compensational process to counter more
brittle memory skills.
Even though the argument in favor of using prior reliance in timing tasks
as a measure of memory functioning is far removed from proper clinical validation, using timing tasks instead of traditional memory assessment methods have
clear advantages. First and foremost, the purpose of the task is completely
opaque from the perspective of the patient as the instruction just focuses on
reproducing a presented duration as accurately as possible. Second, this task is
relatively straightforward to administer. Even though older participants sometimes have to be instructed in more detail than the younger participant group,
none of the aMCI patients tested in the scope of this thesis failed to perform
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the task adequately. Third, this task has shown only very limited training effects,
evidenced by no or only very limited influence of sequential block order even
when longer sessions are repeated on a single or subsequent days (as opposed to
conventional tests for memory dysfunctions (e.g., learning and retrieval of word
lists) that show clear effects of repeated assessments; see e.g. Dikmen et al.,
1999). Thus, there is no evidence that a single version of this task could not be
administered during each 6-month re-evaluation of clinical symptoms. Moreover, as a relatively small number of trials is sufficient to assess the influence of
the context on temporal performance, this task does not need to take significantly longer than existing memory assessments. Apart from the application of
this method to aMCI, Alzheimer’s Disease, or other memory-affected patient
groups, this method might also provide an index in other clinical populations.
For example, it could be used as a measure of cognitive performance in kidney
patients, a group that is characterized by a subtle but extended decrease of cognitive functioning while on dialysis (Elias et al., 2013). The relative immunity
to training effects would allow for the use of timing tasks at regular and relatively short intervals (i.e., twice a month) to track cognitive decline at high
precision. In sum, the combination of a timing task for clinical memory assessment and the assessment of a patient’s prior reliance using Bayesian observer
models might provide a useful addition to the toolkit of clinical practitioners.
Another potential field of application is associated with the arousal-based
modulations of subjective time. In the literature, arousal is typically modulated
by presenting participants with emotional stimuli such as pictures selected from
the IAPS picture database (e.g., Angrilli et al., 1997; Droit‐Volet et al., 2004;
Effron et al., 2006; Lui et al., 2011) or frightening sound effects (e.g., Halbertsma & Van Rijn, 2016). The rationale of these studies is that the increased
arousal associated with the presented stimuli are directly reflected in a speeding
up of the clock, resulting in dilated perception of time. This link could prove
to be fertile in a number of clinical application domains in which aspects of
arousal or emotional processing are affected. An interesting application is in the
study of sexual arousal. The measurement of sexual arousal either is based on
answers on a response scale, or on relative invasive measurements, typically by
measuring genital response (Althof et al., 2017). Each of these measures emphasizes the sexual context, something which is problematic in clinical settings
aimed at treating patients with a dysfunctional relationship with sexuality. However, based on the well-established link between arousal and clock speed, timing
tasks could provide an indirect measure of sexual arousal, allowing for the measuring of a sexual response without providing additional emphasis on its nature.
Following a similar rationale, timing tasks could also be used in the context of post-traumatic stress disorder, as it has been demonstrated that the
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internal perception of time is sped up during reactivation of earlier traumatic
events (e.g., Vicario, & Felmingham, 2018; Schauer, & Elbert, 2015). By estimating the extent to which subjective time is affected during subsequent therapy sessions, therapists might be able to more accurately estimate therapy
progress, allowing for more targeted intervention sessions. In addition, similar
techniques might be used in other clinical settings, such as the treatment of fear
(e.g., arachnophobia, see Waits and Sharrock, 1984).
Unlike the previous examples, where observed temporal modulations are
utilized as an index of psychological functioning, modulations of time can also
be used as an instrument to influence subjective experience. An elegant example
in this domain is the study by Pomares et al. (2011) in which participants were
subjected to painful stimuli while they were presented with an analogue clock
indicating the passing of time using the second hand. As research has shown
(for a recent study, see Rey et al., 2017), time dilates with pain. The mechanistic
explanation of this effect is that the internal clock starts to run faster as a function
of pain, which means that a fixed, objective duration feels as a subjectively
longer duration in pain, then when not in pain. Pomares et al. suggested that
there could be a mutual interaction, with the subjective intensity of pain also
being determined by the perceived passing of time. To test this hypothesis,
Pomares et al. (2011) presented participants with a fixed pain stimulus and either
a normally running clock, or a slowed down clock. Although the intensity of
the painful stimulus and the objective duration were kept identical, participants
reported significantly reduced pain when the perception of time was shortened
(as an objective 30 second interval would now have lasted on 20 “seconds” on
the slowed clock). Obviously, these results also indicate that temporal distortions could be used as an index of pain, but even more interestingly, this also
suggests that by using a similar paradigm, the induction of temporal distortions
could also affect subjective arousal or emotional state. For example, in patients
who report difficulties in becoming cognitively aroused during sexual stimulation, the presentation of a sped-up clock might yield a more intense perception
of physical sexual arousal, resulting in increased cognitive arousal. Likewise, a
slowed-down clock in PTSD patients during the reactivation of a stressful event
might evoke a reduced intensity of stress-related feelings. This could provide
an alternative explanation of the success of eye-movement desensitization techniques (e.g., Seidler & Wagner, 2006) currently used for PTSD patients as it
has been shown that eye movements reduce the subjective accumulation of
time (Morrone et al., 2005).
Concluding, even though interval timing tasks have been mostly used as
a stand-alone tool for the study of the human sense of time, I have sketched a
number of potential domains of application where time could provide a
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contribution in practical, real-life settings. By harnessing the synergy between
pure research-focused and clinical applications, both fields would benefit as it
would provide new tools for practitioners while at the same providing researchers with new data collected outside the confines of the lab cubicles that has
driven, but also constrained the development of theories of how time is used in
the real-world.
Knowing the importance and omnipresence of time, the links between
timing and other psychological phenomena might not be surprising. Yet, most
of the work on interval timing has focused on “basic research”, and in this thesis
I have made only a small step toward a further integration, as I demonstrate that
in fact memories of temporal instances are not lost, even when our memory
starts to fail. By continuing to exert their influence on the perception of time,
temporal performance provides us with a potential litmus of affected cognitive
functioning.
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Thesis Summary
The context matters. How we perceive the world is a subjective process
that is colored by earlier experiences. The influence of earlier perceived stimuli
on current perception signals the pivotal role of a memory system in perception.
This process is also present in the perception of time, specifically in interval
timing of durations up to a couple of seconds. Interval timing plays a central
role in many aspects of human behavior. Everything we experience, do, perceive or think about unfolds in time: One of the differences between a great
and mediocre debater is the perfect use of timing by the first; being well prepared at the “ready, set, go!” signal is an important determiner of athletic success, and, as shown on the first pages of this thesis, a too long hesitation can
have a significant impact on the meaning of the answer that is given to a question. Given the importance of time, one would expect that the human system
has an accurate temporal system. However unlike the steady rhythm of the
second hand of the clock that will jump again exactly one second later, our
internal sense of time is not at all constant, and just like other perceptual processes, is highly subjective. In this thesis I focus on the subjective nature of
timing, and more specifically, on how memory partially drives the subjective
modulations of time.
In the empirical chapters of this thesis, I have mainly used duration reproduction tasks. In this type of task, participants are first presented a duration
by means of a visual (e.g., a small circle on a computer screen) or auditory (e.g.,
a 440 Hz tone) stimulus that is presented, and – after a while – disappears again.
Participants are asked to pay attention to the duration, without using explicit
timing strategies (such as counting). After the duration is presented, they are
instructed to reproduce that duration. Hereto, the presentation of the same
stimulus is started again, and the participants are asked to press a button when
the visual stimulus was on the screen, or the tone sounded, for the same duration. More specifically, I utilized multi duration reproduction experiments in
which the presented duration is selected from a range of durations. When durations of different lengths are reproduced, one typically observes an regression
towards the mean of the distribution, known as the central tendency effect:
relatively long durations are underestimated, and short durations are overestimated. As this effect demonstrates that context construed out of previous experiences influence current performance, it highlights the important role of
memory on the perception of time. Paradoxically, it might seem that incorporating more information yields a less precise reproduction.
However, the more prominent view in the literature is that this memorydriven context effect serves to optimize performance when faced with a noisy
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environment. When the senses register a stimulus that deviates from normal, it
is often optimal to assume that the deviation is partially driven by noise, and
thus adjust the readout to a value closer to earlier experienced “normal performance”. This process is formalized in the Bayesian Observer framework. In this
framework, the likelihood distribution, reflecting the observer’s certainty about
the value of the presented stimulus, is integrated with the prior distribution,
reflecting the observer’s earlier experiences in that context: When the likelihood distribution is narrow, reflecting a very precise and certain readout, the
prior will have little influence, but when the likelihood is wider, reflecting a
less precise readout, the eventual percept will be more strongly based on the
prior.
In Chapter 2, I explore how bottom-up (i.e., statistical properties of the
stimulus material) and top-down information (i.e., abstract knowledge about
the experimental conditions) influence the buildup of the prior. The goal of
this chapter was to explore the parameters driving the buildup of context to
select optimal experimental features for further exploration of central tendency
or context effects. In this chapter, I demonstrate that (1) the context effect
emerges as long as sufficiently distinct durations are presented; (2) the effect is
not modulated by explicit instructions or other cues; and (3) just a single additional duration is sufficient to produce a context effect. Even though a single
additional duration could already elicit a context effect, a more precise pattern
of results can be obtained when stimuli durations are sampled from three durations, which is the design used in Chapters 4, and 5. In these chapters we explore how memory, either when affected due to clinical deficiencies or
fluctuating due to healthy aging, influences temporal performance. However,
to be able to assess the role of memory, it is pertinent to have a measure of the
noisiness of the percept.
In Chapter 3, I propose an experimental paradigm, the 1- second production task, that was designed to provide a quick test of temporal precision.
In this task, participants are asked to produce a one second duration by pressing
a key one second after a warning signal. Importantly, participants are not provided with any feedback during task performance. Due to the lack of feedback,
their accuracy is typically relatively low (the average produced duration often
ranges from 500 milliseconds to 2 seconds). However, this task focuses on the
precision of the estimates: how much variability is observed in the sequence of
estimations? Even though an internal monitoring process could result in the
updating of the participant’s memory of the durations, we propose that this task
is relatively memory-independent as no external information can be used to
optimize performance. Based on these assumptions, the variability observed in
the one second productions should provide an estimate of just clock and motor
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noise, an assumption that was supported by empirical data as the estimated clock
noise correlated with observed temporal performance in a multi-duration reproduction task in healthy young adults.
Chapter 4 highlights the role of the memory system in interval timing by
addressing the impact of clinical memory dysfunctioning on interval timing. In
Chapter 4, I present data from patients diagnosed with mild-cognitive impairment, a state which is often seen as a precursor to the development of Alzheimer’s disease. Interestingly, the data reported in this chapter support the
notion that behavior of memory-affected participants is better described by assuming a stronger impact of previous experiences. Even though these results
might seem counterintuitive as it suggests that poorer memory function leads to
an increase of a memory-driven phenomenon such as the central tendency effect,
this effect was also observed in a control group of healthy ageing participants
when performance was analyzed as a function of their memory performance.
In Chapter 5, I report a validation of the effect in a healthy, yet ageing memory
subgroup. The counterintuitive results can, however, be readily explained
when taking into account that the just perceived duration also needs to be
stored in memory. If the affected memory system also influences this single
memory trace, it is not unlikely to assume that this trace will be more affected
than the prior, which consists of a blend of multiple earlier representations. If
the width of the likelihood distribution is more strongly affected by the affected
memory system than the prior, the prior will take precedence, and thus a
stronger central tendency effect will be observed. Interestingly, the work in
these chapters also suggest that the performance on a timing task might be a
valuable, indirect litmus test of memory functioning, as timing performance is
directly related to continuous measures of memory functioning.
All this work suggests that memory plays an important role in the empirical phenomena associated with timing. Yet, the most prominent Bayesian observer models of interval timing ignore memory as a potential explanatory
variable. In Chapter 6, I present an updated version of the Bayesian observer
models that acknowledges the variability of human memory processes and allows for assessing the relative role of clock variability and memory processes in
temporal performance. Instead of assuming a static memory representation, I
present a more realistic representation of the empirical prior by using a mixture
of distributions each representing a stimulus category. By fitting this model to
the data presented in Chapter 3 and 4, I demonstrate that the Mixture LogNormal Model provides the most sensible estimation of the shape of the prior
and the role of clock and motor noise in interval timing tasks. Furthermore, by
applying this model to a clinical sample I conclude that the Mixture Log-
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Normal Model allows for a more accurate description of the mechanisms underlying behavior of clinical and healthy aged populations.
Overall, with the work presented in this thesis I demonstrate that the
multi-duration reproduction task provides a productive paradigm to study how
time and memory interact, and that this task could provide an index of memory
functioning in an indirect and unobtrusive way. This work has highlighted that
temporal perception is a highly subjective process that is driven by the influence
of memories of prior times.
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Samenvatting Proefschrift
Context is belangrijk. Het waarnemen van de wereld is een subjectief
proces dat gekleurd wordt door eerdere ervaringen. De invloed van eerder
waargenomen stimuli op de huidige waarneming duidt op een cruciale rol van
het geheugensysteem bij waarneming. Dit proces speelt ook een rol bij de perceptie van tijd, met name in interval timing, het proces dat verklaart hoe we
intervallen van tiende tot tientallen seconden waarnemen.
Interval timing speelt een centrale rol in een breed scala van menselijk
gedrag. Alles wat we ervaren, doen, waarnemen, of waarover we nadenken,
verloopt in de tijd: Eén van de verschillen tussen een goede en middelmatige
spreker is het perfecte gebruik van timing door de eerste; het juist kunnen inschatten van de timing van de “af!” in “klaar voor de start, af” is een bepalende
factor voor sportief succes, en, zoals te zien is op de eerste pagina's van dit
proefschrift, kan een te lange aarzeling een grote invloed hebben op de manier
waarop een gelijkluidend antwoord wordt geïnterpreteerd. Gezien het belang
van tijd zou je verwachten dat de mens tijd accuraat kan waarnemen. Maar in
tegenstelling tot het gestage ritme van de klok die precies een seconde later
opnieuw de secondewijzer verder laat springen, is ons interne gevoel voor tijd
helemaal niet constant, en net als bij andere perceptuele processen, zeer subjectief. In dit proefschrift focus ik op de subjectieve aspecten van timing, en meer
specifiek op hoe de invloed van geheugen leidt tot subjectieve modulaties van
tijd.
In de empirische hoofdstukken van dit proefschrift heb ik voornamelijk
temporele reproductietaken gebruikt. Bij dit type taak krijgen deelnemers eerst
een tijdsduur of “interval” aangeboden door middel van een visuele (bijv. een
cirkel op een computerscherm) of auditieve (bijv. een 440 Hz toon) stimulus.
Deze stimulus wordt voor een bepaald tijdsinterval aangeboden, en verdwijnt
dan automatisch. Deelnemers aan het onderzoek wordt gevraagd om op de
duur van het interval te letten, zonder expliciete timingstrategieën (zoals tellen)
te gebruiken. Nadat het interval is gepresenteerd, krijgen ze de instructie om
het waargenomen interval te reproduceren. Hiervoor wordt dezelfde stimulus
weer gepresenteerd, en de deelnemers wordt gevraagd een knop in te drukken
wanneer de visuele of auditieve stimulus even lang was aangeboden als tijdens
de waarneem-fase. Meer specifiek heb ik reproductie-experimenten bestaande
uit meerdere intervallen gebruikt waarbij de gepresenteerde tijdsduur varieert
tussen trials. Wanneer intervallen van verschillende lengtes worden gereproduceerd, observeert men een regressie naar het gemiddelde in de geproduceerde
intervallen, bekend als het centrale tendenseffect (“central tendency effect”):
relatief lange intervallen worden onderschat en korte intervallen worden
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overschat. Aangezien dit effect aantoont dat de context, opgebouwd uit eerdere
ervaringen, de huidige prestaties beïnvloedt, benadrukt dit fenomeen de belangrijke rol van geheugen in de perceptie van tijd. Paradoxaal genoeg lijkt het
erop dat het beschikbaar hebben van meer informatie een minder nauwkeurige
reproductie oplevert.
Het prominente standpunt in de academische literatuur is echter dat dit
geheugen-gestuurde context effect leidt tot optimalisatie van prestatie als de
waarneming ruizig is. Wanneer de zintuigen een afwijkende stimulus registreren in een ruizige situatie, is het vaak optimaal om aan te nemen dat de waargenomen afwijking gedeeltelijk wordt veroorzaakt door ruis, en de waarneming
intern aan te passen zodat deze dichter bij een eerder ervaren ‘accurate waarneming’ komt te liggen. Dit proces is geformaliseerd in het Bayesian observer framework. In dit theoretische model wordt een waarneming gerepresenteerd door
een waarschijnlijkheidsverdeling, de likelihood, die “nauwer” is als de waarneming zonder veel ruis is waargenomen, en breder is als de waarneming ruiziger
is. Deze waarschijnlijkheidsverdeling wordt geïntegreerd met een verdeling die
de eerder opgedane kennis representeert, de prior. Als de likelihood relatief smal
is, zal de prior weinig effect en domineert de likelihood, maar als de likelihood heel
breed is, zal de prior domineren.
In Hoofdstuk 2 onderzoek ik hoe bottom-up (de specifieke eigenschappen van het stimulusmateriaal) en top-down informatie (abstracte kennis over
de condities van het experiment) de opbouw van de prior beïnvloeden. Het doel
van dit hoofdstuk was om de parameters in kaart te brengen die de opbouw van
context bepalen, zodat optimale parameters gekozen konden worden voor vervolg experimenten. In Hoofdstuk 2 laat ik zien dat (1) het contexteffect optreedt zodra de intervallen voldoende van elkaar verschillen; (2) het effect niet
gemoduleerd wordt door expliciete instructies of andere aanwijzingen aan de
proefpersonen; en (3) slechts een enkel extra interval voldoende is om een contexteffect te produceren. Hoewel een enkel extra interval dus al voldoende zou
zijn, wordt een nauwkeuriger resultaat verkregen wanneer er drie verschillende
intervallen worden gebruikt, zoals het geval is in de hoofdstukken 4 en 5. In
deze hoofdstukken onderzoeken we hoe geheugen, hetzij wanneer beïnvloed
door klinische tekortkomingen of fluctuerend als gevolg van healthy aging, de
subjectieve tijdswaarneming beïnvloedt. Om de rol van het geheugen te kunnen beoordelen, is het echter noodzakelijk om te weten hoe onnauwkeurig de
interne klok zelf is.
In Hoofdstuk 3 presenteer ik een nieuw experimenteel paradigma, de 1Second Task, die een snelle inschatting van temporele precisie oplevert. In deze
taak wordt de deelnemer gevraagd om een tijdsduur van één seconde te produceren door één seconde op een toets te drukken. Belangrijk hierbij is dat
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deelnemers tijdens de taakuitvoering geen feedback krijgen. Vanwege het gebrek aan feedback is hun nauwkeurigheid doorgaans relatief laag (de gemiddelde
geproduceerde duur varieert meestal van 500 milliseconden tot 2 seconden). Deze taak richt zich echter op de precisie van de schattingen: hoeveel
variabiliteit wordt waargenomen in een reeks 1-seconde inschattingen? Hoewel
een intern proces zou kunnen leiden tot het updaten van het geheugen, veronderstellen wij dat deze taak relatief geheugenonafhankelijk is omdat er geen externe informatie kan worden gebruikt om de prestaties te optimaliseren. Op
basis van deze aannames zou de variabiliteit die wordt waargenomen in de 1seconde producties een schatting moeten opleveren van alleen klok- en motorvariabiliteit, een aanname die werd ondersteund door empirische data, aangezien de geschatte klokvariabiliteit correleerde met waargenomen temporele
prestaties in een reproductietaak.
Hoofdstuk 4 belicht de rol van het geheugensysteem op timing door te
kijken naar de impact van klinische geheugenstoornissen op timing. In hoofdstuk 4 presenteer ik een studie met patiënten die de diagnose Mild Cogntive
Impairment hebben gekregen, een diagnose die vaak wordt gezien als een voorloper van de ziekte van Alzheimer. Interessant is dat deze studie het idee ondersteunt dat het gedrag van deze patiënten beter kan worden beschreven
door uit te gaan van een sterkere invloed van eerdere ervaringen, hoewel hun
geheugen dus aangetast is. Hoewel deze resultaten contra-intuïtief lijken, omdat
het suggereert dat een slechtere geheugenfunctie leidt tot een toename van een
geheugen-gestuurd fenomeen, werd dit effect ook waargenomen in een controlegroep als hun prestaties worden geanalyseerd als een functie van geheugenprestatie. In Hoofdstuk 5 rapporteer ik een replicatie van dit effect in een
groep gezonde ouderen. De contra-intuïtieve resultaten kunnen echter gemakkelijk worden verklaard wanneer er rekening mee wordt gehouden dat het
waargenomen interval ook in het geheugen moet worden opgeslagen: Als het
aangetaste geheugensysteem ook dit geheugenspoor beïnvloedt, is het niet onwaarschijnlijk dat dit spoor meer zal worden beïnvloed dan de prior, dat bestaat
uit een mix van meerdere eerdere representaties. Als de likelihood sterker wordt
beïnvloed door het aangetaste geheugensysteem dan de prior, zal een sterkere
regressie naar het gemiddelde optreden. Interessant is dat het werk in deze
hoofdstukken ook suggereert dat de uitvoering van een timingtaak een waardevolle, indirecte lakmoestest kan zijn van het functioneren van het geheugen,
aangezien prestaties op geheugen taken direct weerspiegelt worden in het gedrag op timing taken.
Al dit werk suggereert dat geheugen een belangrijke rol speelt in het
waarnemen van tijd. Toch negeert het meest prominente Bayesian observer model
variabiliteit in geheugen als een potentiële verklarende variabele. In Hoofdstuk
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6 presenteer ik een nieuwe, uitgebreide versie van een Bayesian observer model
dat de variabiliteit van het menselijk geheugenproces representeert, en daarmee
een inschatting kan geven van de relatieve rol van de klok variabiliteit en geheugenprocessen in temporele prestaties. In plaats van een statische geheugenrepresentatie te veronderstellen, presenteer ik een meer realistische representatie
van de prior door een combinatie van verschillende distributies te gebruiken die
elk een eigen stimuluscategorie vertegenwoordigen. Door dit model te vergelijken met de data zoals die in hoofdstuk 3 en 4 is gepresenteerd laat ik zien dat
een Mixture Log-Normal Model de meest realistische representatie van het menselijk gedrag oplevert. Door dit model toe te passen op de klinische data laat ik
zien dat deze representatie een goede inschatting geeft van de geheugen deficienties in pre-Alzheimerpatiënten.
Samenvattend, met het werk dat ik in dit proefschrift presenteer, laat ik
zien dat de reproductietaak met meerdere intervallen een productief paradigma
is waarmee wij kunnen bestuderen hoe tijd en geheugen op elkaar inwerken,
en dat deze taak een indirecte en onopvallende index is van deficiënties in geheugenprocessen. Maar bovenal heeft dit werk heeft aangetoond dat temporele
perceptie een zeer subjectief proces is, dat wordt gestuurd door herinneringen
aan vervlogen tijden.
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